nature communications

Article

https://doi.org/10.1038/s41467-025-63678-7

Large lithium-ion battery model for secure
shared electric bike battery in smart cities

Received: 14 August 2024

Accepted: 26 August 2025

Published online: 25 September 2025

M Check for updates

Donghui Ding®"2, Zhao Li® %3/, Linhao Luo ®*, Ming Jin®°?, Bin Zhu®°®' -,
Yichen Zhong?, Junhao Hu?, Peng Cai®' & Huigi Hu'

Electric bikes powered by lithium-ion batteries are increasingly used in smart
cities to promote sustainable mobility and efficient delivery services. However,
limited battery range and slow plug-in charging remain key challenges. Shared
electric bike battery systems, facilitated by battery swapping stations, offer a
promising solution by enabling quick and efficient battery replacements.
However, their success hinges on accurate anomaly detection, battery health
estimation and remain range prediction. These tasks remain challenging due
to data scarcity, battery diversity and environmental variability. Here we show
that a large-scale lithium-ion battery model trained on over ten million battery
time series data enables robust and adaptable battery management across
diverse real-world scenarios. The model learns complex battery behavior
through unsupervised pretraining. Importantly, after efficient finetuning, the
model significantly outperforms existing approaches in the three critical tasks.
Deployed on cloud servers, our model enables real-time data processing,
enhancing the safety, reliability and efficiency of battery swapping services.

This advancement accelerates electric bike adoption, fostering sustainable
urban mobility and green smart city development.

As cities worldwide strive for sustainable development, the integration
of smart city technologies with zero-carbon transportation has become a
key priority in combating climate change and the reduction of green-
house gas emissions and urban air pollution’”. Smart cities leverage
cutting-edge technologies and data analytics to improve infrastructure,
optimize resource management, and promote sustainable urban living**.
Within this framework, zero-carbon solutions electric bikes (e-bikes) with
lithium-ion batteries have experienced rapid growth worldwide in recent
years, owing to their efficiency and eco-friendly nature®”. E-bikes play
essential roles in urban transportation, offering not only daily travel but
also a reliable door-to-door service for local businesses such as on-
demand delivery®. For instance, in China, social ownership of e-bikes
users reached 340 million units in 2021 and the number of on-demand
delivery workers is expected to exceed 10 million by 2025°.

Despite the rapid increase in the number of e-bikes, battery range
limitations remain a significant concern for a large amount of e-bike

riders. A typical e-bike can only travel approximately 30-60 km on a
single charge, significantly less than the daily travel distance of e-bike
riders such as couriers and delivery personnel, which averages around
120 km™. Moreover, the plug-in charging is time-consuming and
hampers the efficiency of on-demand delivery services". Shared E-bike
Battery (SEB) systems", facilitated by battery-swapping stations, pre-
sent a promising solution to offer quick lithium-ion battery swapping
services for e-bikes”™. As illustrated in Fig. 1, when the battery runs
out, the process begins with e-bike riders receiving battery recom-
mendations for nearby swapping stations, which consist mainly of
swapping cabinets and batteries. Upon arrival at a swapping station,
riders can hire a SEB and exchange their depleted batteres for fully
charged ones. The swapping process only takes a few minutes, pro-
viding a convenient and efficient solution for e-bike riders. Addition-
ally, remain range (RR) prediction technologies help riders plan their
routes based on battery levels and swapping station locations. To meet
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Fig. 1| The Shared E-bike Battery (SEB) system is a cutting-edge Artificial
Intelligence of Things (AloT) solution that provides a swift lithium-ion battery
swapping service for e-bike users. At the base of the illustration, e-bike users have
the convenience of swapping their depleted batteries for fully charged ones at
battery swapping stations. This ensures uninterrupted riding experience as they
can quickly replace their batteries and hit the road again. In the middle section of
the illustration, the battery swapping stations are composed of battery swapping
cabinets equipped with lithium-ion batteries. These stations act as the endpoints of
the AloT system, continuously gathering data through an array of sensors, such as
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smoke and motion detectors, and maintaining seamless communication with the
cloud infrastructure. At the top of the illustration, the cloud platform plays a pivotal
role by offering a suite of services to users. These include battery recommenda-
tions, facilitating the battery swapping process, and providing predictions for the
remain range of the e-bike, ensuring users have the information they need to plan
their rides effectively. This system not only enhances the usability of e-bikes but
also integrates smart technology to create a more connected and efficient
e-mobility ecosystem.

the demands of e-bike riders, the SEB systems need to provide safe and
reliable battery-swapping services, incorporating advanced technolo-
gies for real-time monitoring and management of battery status and
station operations.

Existing works on lithium-ion battery safety and reliability have
primarily focused on three tasks: anomaly detection'®?°, state-of-
health (SoH) estimation”*, and range prediction”?. Specifically,
anomaly detection is significant for identifying and mitigating poten-
tial battery failures that could pose safety risks to e-bike riders. How-
ever, previous works'®?° often rely on a substantial amount of anomaly
data for training models, which may not always be feasible in practice.
SoH estimation provides insights into the current condition and life-
span of batteries, enabling proactive maintenance and replacement to
prevent unexpected failures and save costs. Yet, most SoH estimation
models™?* cannot adapt to various types and states of lithium-ion
batteries with real-time capacity estimation. RR prediction assists in
route planning by forecasting how far a battery can travel before
needing a swap. Existing methods®*****, however, struggle to gen-
eralize across different battery status time series data due to the
complexity of the usage environment. In addition, the correlations

among these three tasks are still underexplored. For instance,
anomalies in the battery can affect its state of health, which in turn
impacts the RR, and vice versa. Understanding these inter-
dependencies is crucial for developing comprehensive solutions that
enhance both the safety and reliability of battery-swapping services.
To address these issues, we propose the Large Lithium-ion Battery
Model (LLiM), for the shared e-bike lithium-ion batteries management
in battery-swapping stations. Building on foundation model archi-
tectures previously applied in natural language processing?~° and
computer vision®*, LLiM is pretrained with more than 10 million time
series data collected during the battery usage in an unsupervised
manner with mask modeling. The pretraining enables our method to
capture complex patterns in the time series data of the battery. As a
result, after pretraining, LLiM is finetuned to various downstream
tasks, showing improved performance in anomaly detection, SoH
estimation, and RR prediction across different types of lithium-ion
batteries, compared to existing methods Furthermore, experimental
results demonstrate that prolonged battery usage not only degrades
SoH but also elevates anomaly probability, with lithium-ion battery
capacity exhibiting a positive correlation to remain riding range.
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Fig. 2 | Illustration of LLiM framework. a Data processing: the battery includes a
cell pack and a battery management system (BMS). The cell pack consists of mul-
tiple cells connected in series or parallel to store electricity and discharge during
usage. BMS is responsible for managing the battery such as controlling the charging
and discharging of battery to prevent battery from overcharging and over-
discharging. It collects a variety of battery status with sensors, such as current,
temperature and voltage. These data would be sent to the cloud server for further
analysis. The cloud server would process the data and send instructions to the
battery to protect battery usage. For example, the cloud server would send a signal
to stop the battery charging and lock it in the cabinet if an anomaly is detected, and
instantly notify the user through a mobile application (App) if necessary. b Pre-
training: the pre-training of the LLiM is unsupervisedly conducted based on the

large-scale battery time series data. The battery sequence data would be first ran-
domly masked out and represented as embeddings via embedding layers. The
input embeddings are then fed into the transformer encoder which consists of
multiple layers of self-attention and feed-forward neural networks. The encoder
captures the complex patterns of the battery data by predicting the masked out
values and optimizing with gradient descent. ¢ Fine-tuning: after pre-training, LLiM
is fine-tuned on the downstream tasks in a supervised manner, such as anomaly
detection, SoH estimation, and remain range prediction. The fine-tuning process
involves optimizing a classification or regression head that predicts the target
values based on the output embeddings of the transformer encoder. The model is
optimized with the supervised loss function to minimize the difference between
the predicted values and the ground truth.

Importantly, we have scaled up LLiM to 1 billion parameters and pro-
vide public access via an Application Programming Interface (API).
Deployed on cloud servers, LLiM integrates seamlessly with a diverse
array of terminals, which operates as an Artificial Intelligence of Things
(AloT) framework. This integration ensures not only the operational
efficiency but also the robust reliability of SEB services. By leveraging
the cloud’s scalability and the AloT system’s pervasive connectivity,
LLiM stands as a pivotal asset in the realm of battery management,
offering advanced analytics and real-time insights that are essential for
maintaining optimal battery performance and safety. This would
greatly facilitate the management of the SEB ecosystem and provide
secure battery-swapping service for users, ultimately promoting the
growth and popularity of e-bikes for sustainable urban transportation
in smart cities. LLiM can be effortlessly tailored to accommodate a
variety of lithium-ion battery types and sizes, capitalizing on the
intrinsic characteristics of time series data. Our work may pave the way
for further exploration into foundational models for lithium-ion bat-
tery management across diverse applications, such as electric vehicles,
where data series exhibit varying lengths and cycles.

Results

Overview of LLiM for lithium-ion battery management

As shown in Fig. 2a, the proposed LLiM is a cloud-based foundation
model designed for lithium-ion battery management in battery-

swapping stations. It integrates with edge-based battery manage-
ment systems (BMS) to collect real-time battery data, enabling
advanced analysis for tasks such as anomaly detection, SoH estima-
tion, and RR prediction. By processing and visualizing this data, LLiM
ensures the safety, reliability, and optimization of SEB systems, con-
tributing to their overall operational efficiency.

The statistical data gathered from the battery usage is a multi-
variable time series. It enables the profiling of the battery status and
analysis of the battery behavior. To capture the complex patterns
inherent in the battery data, we introduce a foundation model called
LLiM that can be applied to various battery management tasks. The
LLiM follows the architecture of Transformer, containing stacks of self-
attention layers™. The time series data is encoded by the model to
extract representations of the battery status. The extracted repre-
sentations are then used to perform the specific tasks of battery
management, such as anomaly detection, SoH estimation, and RR
prediction. LLiM is trained in two stages: large-scale time-series pre-
training and task-specific fine-tuning,.

During the pre-training stage (Fig. 2b), we introduce a customized
masking strategy and an unsupervised training objective. These tech-
niques assist the model in handling the irregular and noisy nature of
time series, enabling it to learn the underlying patterns within battery
data. In the fine-tuning stage (Fig. 2c), we introduce a supervised
training objective to adapt the model to various tasks. Specifically, we
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Table 1 | Experiment results on battery anomaly detection

Methods Accuracy Precision Recall F1

TimesNet 0.500+0.174 0.587+0.250 0.525+0.025 0.485+0.085
DLinear 0.942+0.004 0.941+0.005 0.924+0.008 0.933+0.004
Pyraformer 0.969 +0.008 0.960+0.017 0.934+0.021 0.946 +£0.019

FEDformer 0.758 £ 0.112 0.716 £ 0.150 0.668+0.164 0.695+0.152

Autoformer 0.661+0.013 0.690 +0.147 0.511+£0.01 0.578 £ 0.047
PatchTST 0.952+0.007 0.941+0.010 0.929+0.008 0.935+0.003
LLIM(100M) 0.979 £0.001 0.981+0.006 0.949+0.006 0.966 +0.002
LLiIM(1B) 0.984 + 0.002 0.988 + 0.009 0.967 +0.004 0.975+0.004

The mean and standard deviation of accuracy, precision, recall and F1 score are reported. LLIM(100M) and LLiM(1B) indicate our model with 100 million and 1 billion parameters respectively.

Bold values denote the maximum value within each column.

Table 2 | Statistics of three task datasets

Dataset Type Cell Type #Training #Validation #Testing
Anomaly Detection FE32 1800 645 645
FE30 5493 1800 1800
FE29 6657 2262 2262
Total 13,950 4650 4650
SoH Estimation FE32 38,262 12,755 12,755
FE30 6439 2147 2147
FE29 2275 760 760
TG29 1917 639 639
DT29 636 213 213
AMP29 1293 432 432
Remain Range Prediction  FE32 6783 1162 162
FE30 m 370 370
FE29 357 19 19
TG29 1063 354 354
DT29 1254 418 418
AMP29 732 244 244

optimize a classification or regression head to predict the target values
based on the output embeddings of the transformer encoder. The
encoder is also updated with the LoRA technique® to transfer the
knowledge learned from the pre-training stage to downstream tasks.
This enables the model to learn the specific patterns of each task and
make accurate predictions.

To collect diverse and extensive training data, we obtain the
massive time series from real-world battery usage. The training data
includes more than 10 million battery usage records, which cover
different types of batteries and 71 different features, such as voltage,
current, and temperature. This data provides a comprehensive view of
the battery status and behaviors in real-world scenarios. We assess the
effectiveness of our approach for detecting battery anomalies by
examining key performance indicators such as accuracy, precision,
recall, and the F1 score. Furthermore, for estimating the SoH of bat-
teries and predicting the RR, we utilize Mean Absolute Error (MAE) and
Mean Squared Error (MSE) as our metrics for evaluation. Compared to
existing approaches, the results demonstrate that our method exhibits
improved performance and generalization ability to different types of
batteries.

LLiM for battery anomaly detection

In the process of using lithium-ion batteries, detecting abnormal
lithium-ion batteries in advance and dealing with them in time is cru-
cial to protect the lifespan of lithium-ion batteries and the property of
users. To evaluate the performance of our model in battery anomaly

detection, we adopt a multi-layer perception as a classifier, which takes
the output time series representations of the LLiM as input. The clas-
sifier is trained on a labeled battery anomaly detection dataset. In the
experiment, we use two versions of LLiM with different model sizes:
LLiM(100M) and LLiM(1B) with 100 million and 1 billion parameters
respectively. We compare the effectiveness of our models with state-
of-the-art supervised battery anomaly detection methods and present
the accuracy, precision, recall and F1 score results for comparison in
Table 1, including Transformer-based methods: Pyraformer®,
FEDformer®, Autoformer®”, PatchTST*; TCN-based methods:
TimesNet*’; and Linear-based methods: DLinear*’. We analyzed the
complete dataset of anomalous batteries (Total, seen in Table 2) due to
limited data per cell type, with detailed results of different battery cells
provided in Supplementary Table 11. From the results, LLiM shows
statistically significant improvements in all key metrics compared to
baseline approaches.

Specifically, LLiM(1B) model achieves 0.984, 0.988, 0.967 and
0.975 for accuracy, precision, recall and F1 score, respectively, and the
average error of the LLiM model is much lower than that of the other
supervised models, suggesting that our models not only have better
performance but also good stability. The results can be attributed to
LLiM’s ability to integrate information from adjacent segments in the
temporal data of lithium batteries. Since the information at each time
point represents only the instantaneous state of the battery and is
prone to noise, leveraging consecutive segment masking enables LLiM
to capture continuous patterns and mitigate the effects of perturba-
tions, enhancing the robustness of our model. Additional, as the model
size increases, the performance of the LLiM also improves. Compared
to LLiM(100M), LLiM(1B) achieves an improvement of 0.5%, 0.7%, 1.9%,
and 0.9% in accuracy, precision, recall and F1 score respectively. This
demonstrates the effectiveness of the LLiM’s large-scale pre-training
and generalization capabilities.

To further demonstrate the performance of our model, we
visualize the representation of the battery in latent space. We project
the output embeddings of each method into a 2D space using the t-SNE
algorithm®. The results of the visualization are shown in Fig. 3a. It is
observed that the normal and abnormal battery representations
encoded by LLiM are more separable and clustered than other meth-
ods. This indicates that LLiM can effectively capture the complex
patterns of battery status data and learn the effective features for
anomaly detection. To analyse the ability of LLiM to capture different
anomalies, we visualize the representations of different anomalies
captured by LLiM in Fig. 3b. From the visualization, we can see that the
representations of different anomalies are also separated and
grouped, demonstrating the effectiveness of our LLiM in capturing the
difference among different anomalies. As shown in Fig. 3bl, when
the battery is discharging, the voltage of cell#7 is much lower than
the voltage of the other cells, which leads to a large voltage difference
across the cell, resulting in poor overall battery performance.
Figure 3b2 indicates that the voltage drop rate of cell#8 is much higher
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different anomalies representations captured by LLiM(1B). Among different
anomalies, bl represents the large voltage difference, b2 indicates the self-
discharge behavior, and b3 corresponds the abnormal battery cell.

than that of other cells, which indicates that cell#8 has serious self-
discharge abnormality, affecting the safety and usability of the battery.
Figure 3b3 shows that cell#5 suddenly has a cell abnormality where the
voltage suddenly drops by several hundred millivolts and fluctuates
erratically, indicating that the battery must be removed from service
and the condition of cell#5 checked to ensure battery safety. Different
abnormalities need different ways to be dealt with, by identifying dif-
ferent abnormalities in advance, targeted action can be taken in
advance to better protect the safety of the battery. This allows our
model to play a more significant role in practical applications.

LLiM for battery state of health estimation

SoH of a battery is a measure of its current capacity compared to its
nominal capacity. When a new battery is manufactured, the capacity
is same as the nominal capacity as per the battery specification, so
the battery is in optimal health, SoH=100%. Because the nominal
capacity of the lithium-ion battery is rated when manufacturing,
estimating SoH of the battery is converted to estimating the current
actual capacity, and the nominal capacity of experimental batteries is
30Ah. As the battery is used, its capacity decays, making it less effi-
cient and difficult to estimate the actual capacity, which affects the
reliability of the battery. In addition, the temperature of the envir-
onment seriously affects the actual capacity and lithium-ion batteries
suffer performance degradation at low temperatures. We use a
regression model that takes the output time series representations of
the LLiM as input and predicts the capacity of the battery. The
regression model is fine-tuned on a labeled dataset by minimizing the
MSE between the predicted capacity and the ground truth capacity,
which is obtained in the experiments. The details of the dataset

construction can be found in section “Datasets”. We performed the
analysis using the FE32 dataset as it contains the largest number of
battery units and exhibits a broad distribution of cycle counts, with
detailed results for each individual cell provided in Supplementary
Table 15.

In experiments, we also compare the two versions of our model,
LLiM(100M) and LLiM(1B), with other existing methods including
Transformer-based  methods:  iTransformer*®,  FEDformer®,
Autoformer®, PatchTST*®; TCN-based methods: LightTS*; and
Linear-based methods: DLinear”. The experimental results are
shown in Fig. 4a, b. We compare the MSE and MAE of the actual
capacity estimation results. As shown, LLiM(1B) has the smallest
MAE (0.62) and MSE (1.52) and has the smallest mean error. In
addition, LLiM(100M) model ranks second after the LLiM(1B) model,
demonstrating that LLiM excels at learning key information in time-
series data. This also indicates that LLiM’s learning ability
strengthens as the number of model parameters increases. It is
worth noting that the actual capacity MAE=0.62 means the averaged
SoH error is 2.06%, indicating that our model also has consistent
performance in battery SoH estimation. In other words, when the
user checks the state of charge (SoC) of the battery, which is defined
the remain capacity over total actual capacity, then the error of SoC
between the displayed value and the actual value is at most about 2%
if the remain capacity is calculated accurately. This minimal dis-
crepancy ensures that the user does not notice any difference in
SoC, and therefore have no impact on the user’s experience or
usage. Compared to these existing methods, LLiM effectively learns
to capture charging and discharging patterns by reconstructing
major battery features such as cell voltage and battery temperature
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during pretraining, which manages to model changes in battery
voltage and distance, leading to significantly better performance in
SoH estimation.

In addition, we analyze the estimation performance of LLiM across
varying battery cycle counts (defined as one full charge-discharge
cycle), as presented in Fig. 4c. The prediction errors remain relatively
consistent across different cycle numbers, suggesting that LLiM cap-
tures general degradation patterns of lithium-ion batteries regardless
of cycle count. Notably, predictions align closely with ground truth
values after 300 cycles, likely due to the dataset’s majority of samples
falling within the 300-500 cycle range. As expected, battery SoH
decreases with increasing cycles, consistent with degradation beha-
vior. However, variation in SoH at identical cycle counts indicates that
additional factors (e.g., temperature during charging/discharging)
influence degradation rates®.

Furthermore, we conducted experiments to evaluate the capacity
prediction performance of LLiM across different temperatures and its
impact on actual capacity under identical cycling conditions (Fig. 4d).
Results indicated that capacity increased marginally between 10 and
25°C but remained stable at 25-40 °C. At lower temperatures, LLiM
exhibited a higher MAE, suggesting reduced prediction accuracy
compared to higher temperature conditions, though the overall error
remained below 2.6%. Additionally, we identified a statistically sig-
nificant correlation between SoH degradation and amplified anomaly
probabilities during cycling, with detailed results provided in the
Supplementary Note C.4.5.

LLiM for remain range prediction

Providing reliable battery swapping services necessitates accurate
prediction of the RR of the battery. The RR signifies the distance that
the battery is capable of traversing under prevailing conditions. By
fine-tuning the pre-trained LLiM, a effective regression model is
developed to predict RR under current battery conditions.

We evaluate the performance of the proposed framework in
predicting the RR using actual RR values as labels. Similar to SoH
estimation task, we conducted our analysis using the FE32 dataset, as
seen in Table 2, with detailed results for each individual cell provided in
Supplementary Table 19. Figure 5a, b illustrate MSE and MAE of the
predicted RR for each model. The results indicate that the MAE and
MSE of LLiM are significantly lower compared to other baseline models
same as the SoH task. Specifically, the MAE and MSE for LLiM(100M)
are approximately 1.19 and 2.08, while those for LLiM(1B) are
approximately 1.13 and 1.79, respectively. This enables the user to
plan their journey and determine when to swap the battery, which
greatly improves the reliability of the battery-swapping services.
These findings demonstrate that LLiM manages to accurately
predict RR based on utilized battery records, thereby enhancing
real-time estimation of the reachable range. Similar to SoH, the
effectiveness of LLiM can be attributed to its pretraining masking
strategy to reconstruct the major battery features, which greatly
enhances the relationship between the used capacity and the
distance traveled. This capability provides crucial information to
support users’ journey decisions and significantly improves the
reliability of the battery swapping service.

As shown in Fig. 5¢c, the prediction error of the model is relatively
small when the number of samples is large, although the error is
relatively large when the distance is over 50 km due to the small
number of samples, but the prediction accuracy will continue to
improve as the riders continue to use and the data is enriched.

We also analyzed the relationship between remain battery capa-
city and RR mileage, as illustrated in Fig. 5d. Our observations indicate
a generally positive association between these two variables, though
exceptions were noted where higher remain capacity corresponded to
reduced mileage. To explore these discrepancies, we examined spe-
cific scenarios involving short trips with high remain capacity and long
trips with low remain capacity. The data suggest that under conditions
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of high remain capacity, riders tend to utilize higher discharge cur-
rents, which may lead to reduced mileage due to increased energy
consumption. Conversely, when remain capacity is lower, riders
appear to adopt more conservative power usage patterns, resulting in
comparatively extended mileage under these conditions.

Discussion

In this work, we introduce LLiM, an unsupervised pre-trained large
model specifically designed for the domain of e-bike lithium-ion bat-
teries. LLiM is based on a Transformer encoder network pre-trained on
more than 10 million real time-series data points collected from
lithium-ion battery BMS. Notably, LLiM is scaled up to a parameter
count of 1 billion. Our downstream experiments demonstrated that
LLiM effectively addresses core technical challenges in the lithium-ion
battery domain, such as anomaly detection, SoH estimation and range
prediction. The results highlight the potential of large models for
lithium-ion battery time-series data.

The LLiM model effectively provides safe and reliable battery-
swapping services, which are crucial for the success of the SEB busi-
ness model. By significantly improving the accuracy of lithium-ion
battery anomaly detection, LLiM helps identify batteries with potential
safety risks early, allowing for proactive measures to ensure battery
safety and protect users’ personal and property safety. Meanwhile,
LLiM can accurately predict the actual capacity of lithium-ion batteries
and the remaining riding distance for users, with a SoH estimation
error of less than 3% and a remaining riding distance error of less than
1.2 km. This precision enables users to plan their trips in advance,
avoiding issues such as power depletion during rides, thereby enhan-
cing the riding experience. Accurate battery levels and remaining rid-
ing distances make SEB increasingly popular among e-bike vehicle
users, reducing charging wait times and enabling virtually unlimited
range through the battery-swapping station network.

We recognize that the development of large artificial intelligence
models leads to increased energy consumption, for example*,

highlights that the widespread adoption of Al, particularly generative
Al, has triggered a new crisis due to its substantial energy demands.
Training and operating these models require significant energy
resources. However, we address these concerns in several ways. First,
as demonstrated in the Supplementary Note C.1.5 and C.6, the devel-
opment, and operation of LLiM involve relatively modest energy
consumption. Second, we have conducted additional experiments to
demonstrate that LLiM(1B) exhibits significantly better robustness and
performance in handling challenging tasks, such as battery bulging
anomalies detection. Detailed experimental results are also provided
in the Supplementary Note C.3.2. Third, advancements in hardware
and algorithms offer potential solutions for mitigating the energy
demands of large Al models. For example, GPUs demonstrate con-
sistent annual progress in performance and energy efficiency metrics,
while algorithmic approaches such as Multi-head Latent Attention®
can reduce computational requirements. These technical advance-
ments, along with improved transparency and industry collaboration,
support the sustainable development of artificial intelligence
technologies.

Furthermore, Al technologies like LLiM can play a significant role
in addressing environmental challenges. As highlighted in ref. 46, Al
can reduce ecological footprints and carbon emissions while pro-
moting energy transitions, with the most substantial impact observed
in energy transitions. Similarly, LLiM ensures the success of the SEB
business model, which facilitates the transition of the timely delivery
industry from traditional energy sources to new energy solutions. For
instance, delivery personnel often require a 120-kilometer range,
making fossil fuels a preferred option to avoid the inconvenience of
frequent charging. By providing safe and reliable battery-swapping
services, SEB enables zero-carbon emissions for two-wheeled electric
vehicles, further optimizing environmental impact and contributing to
sustainable urban transportation solutions.

Building upon the success of LLiM’s pretraining with an extensive
dataset and its subsequent finetuning for various battery management
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tasks, future work will focus on expanding the model’s capabilities and
applicability. Our immediate goals include enhancing the model’s
adaptability to handle an even broader spectrum of lithium-ion bat-
teries used in electric vehicles and other emerging technologies. We
aim to refine the model further to accommodate the technical chal-
lenges posed by varying data lengths and operational cycles, ensuring
robust performance across a wider range of applications. Additionally,
we will explore the integration of LLiM with more sophisticated AloT
systems to improve predictive maintenance, optimize energy con-
sumption, and enhance the overall user experience. By continuously
updating the pretraining process with new data and feedback
mechanisms, we will strive to maintain LLiM at the forefront of battery
management technology, thereby contributing to the advancement of
sustainable and smart urban transportation solutions. Furthermore,
we will investigate the potential of transferring the knowledge
encapsulated within LLiM to other domains, such as predictive mod-
eling in renewable energy systems, thereby broadening the impact of
our foundational model.

Methods

In this section, we will introduce the details of the proposed founda-
tion model LLiM, which is based on the widely used transformer-
encoder architecture®. The overall framework of LLiM is shown in
Fig. 2b, c. LLiM is an unsupervised large model pre-trained on a large-
scale dataset of battery time series data. After pre-training, our method
can be fine-tuned on various downstream tasks, such as anomaly
detection, SoH estimation and RR prediction. Finally, we will introduce
the details of pre-training, anomaly detection, SoH estimation and RR
prediction datasets.

Large-scale model pre-training

The LLiM is a large model pre-trained on large-scale battery time series
datain an unsupervised manner. The pre-training process aims to learn
the intrinsic patterns of the battery data. The pre-training objective is
to minimize the reconstruction error between the input data and the
reconstructed data. We will introduce the pre-training process in detail
in the following sections.

Data preprocessing. The sensor inside the batteries would collect
various types of data, such as voltage, current and temperature during
the charging and discharging process. This information would be sent
to the cloud server at a variable frequency to improve the efficiency of
data transmission. In practice, during lithium battery usage, data is
collected every 30s in the active state (e.g., charging or discharging),

every 120 s in the stationary state (idle but unused), and every 900 s in
the storage state (prolonged inactivity). Thus, the raw data is an irre-
gularly discrete time series, denoted as

X=Xy, X5, .. X . X7}, @)
where X € RT*F, Tis the length of the time series and F is the number
of features. X, is the data point at timestamp ¢, which contains the
status of the battery. The features of the data point X, can be roughly
grouped into numerical features (e.g., voltage and current) and cate-
gorical features (e.g., motion status). There are total 28 numerical
features and 43 categorical features in the raw data.

The raw data is usually noisy and contains irrelevant information.
Therefore, it is essential to preprocess the raw data before feeding it
into the model.

For categorical features, we encode each category into a d-
dimension embedding Z* ¢ R?. These embeddings are learned
during the pre-training process. For numerical features, most of them
conform to a similar normal distribution. For instance, a battery pack
consists of many cells, and most lithium-ion cells have a nominal vol-
tage range of 3.0-4.2 volts. Typically, riders opt to swap the battery
when the SOC dips below 30% of the remaining power. As depicted in
Fig. 6, the collected data predominantly falls within the 3.6-4.0 volts
range. The values of the temperatures collected follow a near-standard
normal distribution. About 50% of the current values are 0, and the rest
of the current values (current < 0) show an approximate uniform dis-
tribution under discharging, with most of the charging current values
being around 9A. Consequently, we proceed to standardize the
numerical features, defined as

X" —n
—£.

)

num’ _
X =

The standardization would make the numerical features have a
mean of 0 and a standard deviation of 1, which is more suitable for the
MSE loss used for model training. After the standardization, we adopt a
fully-connected layer to project the numerical features into a d-
dimensional space, which is formulated as

Zpum = WnumX?um' +BHUITI' (3)
where W, is the weights of fully-connected layer. The numerical
features Z"™ and categorical features Z " are then concatenated to
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form the input data for the model as

Z,=[Z]™, 20N, 7280, ., 28,7, e RY, )
where n is the total number of categorical features and d is the
dimension of embedding, it means the total embedding size of
numerical features and categorical features is d.

Mask-based model pre-training. The pre-training objective is to
minimize the reconstruction error between the input data and the
reconstructed data, following the widely adopted mask-based training
strategy in ref. 28. Specifically, given a sequence of battery data
X=1{X1, X3, ..., X7}, we will randomly mask a portion of the data and
feed the masked data into the model. This is formulated as

X={X,, [MASK], ..., X7}, 5)

The model is then trained to predict the masked features based on the
unmasked data.

However, unlike the training of natural language processing
models, the battery data is a time series. The current of the battery is
more irregular and contains more noise due to the usage environment.
For instance, the user could accelerate or decelerate the vehicle at any
time, leading to a sudden change in the current, which makes it diffi-
cult to predict the current at the next time step based on previous data.
Moreover, the battery data is discretely sampled leading the situation
between two data points unknown. To address this problem, we pro-
pose a mask-based training strategy to better capture the intrinsic
patterns of the battery time series for the pre-training of the LLiM.

Current-preserved masking. We keep the current value unmasked
during the training process. As the current is one of the most impor-
tant features of the battery status, both the discharge power and vol-
tage are directly related to the current. In electrical circuits, Ohm’s
law*’ states that the voltage V across an electrical conductor is directly
proportional to the current / passing through the conductor, the
mathematical expression is V=IR. For DC, power equals current mul-
tiplied by voltage, P= VI. The discharge current during the discharging
process reacts to the amount of power of the motor of the e-bike and
also represents the riding behavior of the user. Therefore, we believe
that preserving the current value would help the model to learn the
intrinsic patterns of the battery data.

Capacity-preserved masking. During the masking, we also calculate
the capacity difference between the two consecutive time steps. The
capacity-voltage curve of lithium-ion battery reflects the performance
of lithium-ion battery very well, in which the horizontal axis reflects the
battery’s charging and discharging capacity, charge state and other
information, and the vertical axis contains the battery’s voltage pla-
teau, inflection point, polarization and other information. As the bat-
tery is used for a longer time, the battery capacity degrades, and the
charging and discharging capacities corresponding to the same vol-
tage range become smaller. Since there is a certain time interval
between the two consecutive points in the reported sequence, and the
intermediate charging and discharging status is unknown, it is infea-
sible to predict and restore the discharge capacity and voltage of a
certain point in the sequence by using data from adjacent points. In
this way, we preserve the capacity difference between the two con-
secutive time steps to help the model learn the intrinsic patterns of the
battery data.

Time-preserved masking. The battery data is a time series with irre-
gular intervals between consecutive data points. To retain temporal
information, we calculate the time gap between each pair of con-
secutive data points and maintain it during masking. This approach

enables the model to better capture the influence of time on battery
status. For example, if a lithium-ion battery stops discharging after
continuous discharge, the battery’s voltage will rebound and rise over
time. Similarly, after stopping charging after continuous charging it
will rebound down with time.

In the training process, we would mask out the rest of the features
except for the aforementioned current, capacity difference, and time
gap. For the numerical features, we would replace them with O fol-
lowing the previous masked-based methods*®*’. For the categorical
features, we would replace them with a special category called [MASK],
whose embedding is also learned during the training process. Addi-
tionally, to increase the difficulty of the training, we would mask out-
Iconsecutive data points®®, which is set to 3 in experiments. In this way,
the model is forced to learn the long-term dependencies between the
data points.

After the masking, we first embed the masked data X into
embedding Z. Then, we feed it into the model and learn to predict the
masked features, which is formulated as

Z={Z;,[MASK], ..., Z;}, (6)

Z =TransformerEncoder(Z), 7

where Z is the output of the Transformer encoder model. In the model,
we replace the layer normalization with the RMS Normalization, which
contributed to a measurable acceleration in training’".

Loss function. The pre-training objective is to minimize the recon-
struction error between the input data and the reconstructed data. To
better recover the numerical and categorical features, we adopt a
mixed reconstruction loss (Fig. 2b). Specifically, after the backbone
network, we get the output of the Transformer encoder model, Z. For
numerical and categorical features, we design different head network
to calculate the corresponding loss. We feed the output Z into a fully
connected layer (FC) to reconstruct the original numerical features,
Z:mm means the predicting result of the numerical features and ¢ is the
masked time step. However, for every categorical feature, we feed the
output Z into a FC to get the logits of the categorical features, Z
and then adopt a cross-entropy loss to predict the original categorles.
The overall loss function is formulated as

2~ cat; ~
2" =FCeqt,2), ®)

" =FCoum(2), )

~ A X ~ 2
=y (Zxﬁ“fflogp(xf“" 2+ Az ) (10)
temasked

i

where FC denotes the fully connected layer and P( - ) also denotes a
softmax function, and A is a hyperparameter to balance the numerical
and categorical loss.

Fine-tuning on downstream tasks

After the pre-training, LLiM is fine-tuned on the downstream tasks of
anomaly detection, SoH estimation and RR prediction. The fine-tuning
process aims to learn the specific patterns of the battery data for the
downstream tasks. During the finetuning, we simply add an additional
layer on top of the pre-trained model to predict the anomaly score,
SoH and RR. For the pre-trained model, we adopt the low-rank
adaptation® to efficiently update the parameters of the attention lay-
ers and improve the performance on down-stream tasks. Specifically,
for the pre-trained weight matrix W e R?*¥, we update it by
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Table 3 | Statistics of the pre-training dataset

Cell Type Training dataset Testing dataset
Quantity Ratio Quantity Ratio
FE32 5,728,218 56.6% 86,835 43.4%
FE30 1,901,082 18.8% 62,722 31.4%
FE29 634,526 6.3% 12,443 6.2%
TG29 1,111,386 11.0% 22,000 11.0%
DT29 240,084 2.4% 6000 3.0%
AMP29 512,832 5.1% 10,000 5.0%
Total 10,128,128 100% 200,000 100%
representing it with a low-rank decomposition, formulated as
W =W+AW, (11)
=W +BA, (12)

where B ¢ R¥*",A ¢ R™, and the rank r « min(d, k). During fine-
tuning, Wis frozen, and A, B are optimized using downstream task loss
functions. The inference process can be formulated as
H=WX+AWX=Wx+BAX, 13)
where Xis the input feature and H is the output hidden representation.
The anomaly detection is a binary classification task, where the
model is trained to predict whether the battery is normal or abnormal.
The loss function is formulated as follows

= Softmax(FC (2)), (14)

Lanomaly = — Zyi log¥) — (1 - y;) log(1 - 3,), (15)
L
where Z denotes the output of the pre-trained model. We adopt a FC
followed by a softmax function to predict the anomaly score.
The SoH estimation and RR prediction are regression tasks, where
we adopt a new FC to predict the target value separately. The loss
function is formulated as follows

7=FC(@Z), (16)

22
Lson/Rr = Z(ri_ri) .

L

az

where r; denotes the predicted value and 7; is the target value of the i
battery in the two regression tasks.

Datasets

In the work, we use data gathered from real-world lithium-ion batteries
charging and discharging process for SEB, covering battery BMS data
from January to December 2023. Geographically, the battery BMS data
were distributed across more than 50 cities in China, encompassing
major first- and second-tier cities spanning from southern to northern
regions, including Shenzhen, Hangzhou, and Nanjing. Due to the high
energy density and good low-temperature performance, the batteries
currently deployed in SEB scenarios are all ternary lithium batteries,
specifically lithium nickel cobalt manganese oxide and lithium nickel
cobalt aluminum oxide. The dataset comprises six types of battery
cells: FE32, FE30, FE29, DT29, TG29, and AMP29. Because of the dif-
ferences in the material, some batteries exhibit notable divergence in
their charge and discharge curves, and the open-circuit voltage to

state-of-charge (OCV-SOC) curves for each type of battery cell can be
found in Supplementary Fig. 1. The nominal capacity of each type of
battery cell is approximately 30 Ah, with variations in capacity for
different cells.

The datais divided into four groups: pre-training, battery anomaly
detection, SoH estimation, and RR prediction. For pre-training, we only
utilized the BMS data reported by the lithium batteries themselves. For
the other three downstream tasks, we also need to obtain labels for
each sample, which will be discussed in detail next.

* Pre-training Dataset Due to the continuous BMS data reporting
and storage of lithium-ion batteries on cloud servers, each lithium
battery had accumulated a long time series of data. We employed
asliding window approach to segment the battery time series data
into non-overlapping sequences of 600 time points each. This
process yielded a final pre-training dataset of 10.1 million
sequences, collectively containing 6 billion time data points. Each
time point contains 71 features, including 43 numerical features
and 28 categorical features. These features are primarily collected
and reported by the BMS through various sensors, a detailed
description of the features can be found in the Supplementary
Note A.2. Additionally, we reserved an extra 200,000 sequences
to validate the performance of the pretrained model. The
statistics of the dataset are shown in Table 3.

Battery Anomaly Detection Dataset We randomly selected
23,250 lithium-ion batteries that were used during 2023 year.
These lithium-ion batteries have been used in the market and are
recalled to detect anomalies using instruments, such as X-ray
imaging, battery self-discharge tester, battery capacity analyzer,
etc. Based on the abnormal batteries, We collect the battery status
of these batteries 500 time steps before they are recalled to create
a time-series record and mark them separately for abnormality.
These abnormal batteries will serve as positive samples in the
anomaly detection dataset, labeled as 1, while the batteries that
pass all the inspections will be included as negative samples,
labeled as 0. The number of features contained at each time step
is the same as that of the pre-training data, containing 71 different
features. The three types of batteries, FE32, FE30, and FE29, have
been used for a longer period, and the majority of the abnormal
batteries accumulated in the system are primarily composed of
these three types. In the end, we collect 23,250 records for
anomaly detection, including 7750 positive samples and 15,500
negative samples, as shown in Table 2.

State of Health Estimation Dataset SoH of a battery is a measure
of the battery’s capacity compared to its original capacity. It is an
important metric for battery management and maintenance. As
the battery is used, the capacity of the battery will decrease,
making it less efficient and hard to estimate the actual capacity.
The capacity estimation process constitutes a regression analysis
task, requiring precise measurement of actual battery capacity. To
obtain reliable capacity labels for our dataset, we conducted full
charge-discharge cycles using precision capacity analyzers within
temperature-controlled environmental chambers on batteries
returned. In this dataset, we provided 63,772 FE32 batteries and
measured the actual capacity of each battery. The FE32 batteries
are the primary batteries on the market, with a wide distribution
of cycle counts. Similarly, we collected sequential data on each
battery during the charge and discharge process before it was
returned, with a fixed sequence length of 500. Additional cell
types are also included in the study, as shown in Table 2, with
complete results for individual cells available in Supplementary
Table 15.

Remain Range Prediction Dataset Predicting the battery’s RR is
crucial to offering reliable battery swapping services. The RR
indicates how far a vehicle can travel with its current battery
capacity. Similar to the capacity estimation dataset, the RR dataset
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comprises 9107 FE32 records, each record contains a rider’s
complete discharge data. To determine the actual RR at every
timestamp, we track the e-bikes’ geographical position reported
by the BMS and integrate this data from the current timestamp to
the end of the battery discharging process. We select the pre-
ceding 450 steps of battery status prior to the measurement for
the model input and predict the RR at each timestamp. Statistics
for the remaining range prediction dataset are presented in
Table 2, with results per individual cell in Supplementary Table 19.

Data availability

The pre-training dataset is restricted due to commercial confidentiality
and user privacy laws. Access requires institutional agreements and
non-disclosure agreements. Requests should be directed to the cor-
responding author Z.L. The datasets for the three downstream tasks
are available with https://doi.org/10.6084/m9.figshare.28260095 at
the link  https://figshare.com/articles/dataset/Datasets_of three_
downstream_tasks_in_LLiM/28260095. Source data are provided with
this paper.

Code availability

The pre-training code is not publicly available due to its commercial
nature. The code for the three downstream tasks is available for
download at GitHub (https://github.com/ddhdzt/LLiM) and has been
archived in Zenodo with the https://doi.org/10.5281/zenodo.16421724.
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