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Abstract 
Fast charging in lithium-ion batteries is an important problem due to high heat that is 
generated, low energy efficiency and high rate of degradation at high rate of charging 
conditions. This paper proposes a generative artificial intelligence-based optimization 
framework, which allows modelling and optimizing fast charging using variational auto 
encoder train on the real charging data. The model exhibited a good reconstruction 
accuracy with overall R2 of 0.945, RMSE of 169.5 and MAE of 41.9, which reveal that the 
model is able to capture the electro-thermal dynamics which is nonlinear. The training with 
synthetic charging profiles from the latent space showed an almost perfect distributional 
correspondence with the real pattern on the temperature, efficiency and thermal stress, 
thus making possible to search for optimal states of operation not covered by the empirical 
data. Through multi-objective screening the framework found two optimized charging 
profiles which, at the same time, provided high charging efficiency (around 0,86), low 
thermal stress levels and safe temperature operation (38-43 degC) without extremely low 
degradation indicators (around 4x10-4). These numerical results show that the generative 
models were able to reduce thermal stress and facilitate fast charging (charging safety) 
without sacrificing performance. The results of this study are of great potential for 
integration into battery management systems, which allows potential for adaptive and 
data-driven charging control. Overall, the proposed framework points to a promising 
direction towards safer, faster and efficient fast charging strategies and as a foundation for 
further developments for AI assisted battery optimization strategies. 
 
Keywords: - Fast charging, Lithium-ion batteries, Generative AI, Thermal management. 
 

1. Introduction 
Due to their high energy density, long cycle lifetime and good charge discharge 
characteristics, Lithium-ion batteries (LIBs) have formed the backbone of the primary 
energy-storage technology for electric vehicles (EVs), stationary grid systems and 
consumer electronics. With the global electrification of transportation having accelerated 
significantly, the demand for fast-charging capability has grown significantly and users are 
demanding the same refueling speeds as what is offered with conventional internal 
combustion vehicles. However, fast charging is accompanied by major challenges in terms 
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of heat generation, increase of internal resistance and electrochemical instability, which 
might affect the safety and long term durability of the battery. A proper review of the 
advancements made towards fast charging includes the conclusion that aggressive 
charging conditions fundamentally change the thermal and kinetic balance inside the LIBs 
resulting in ultimately limited charging rates without further intelligent control schemes 
[1]. 
The growing mountain of research on the impact of battery lifetime and the prediction of 
battery charging response is a validation to the notion that fast charging is a promoter of 
battery degradation due to increased thermal stress, lithium plating and structural 
fatigue. Data driven investigations indicate that long term battery behaviour is highly 
dependent on the interaction between the intensity of the current, temperature gradients 
and chemical ageing processes and require more advanced predictive and - optimization 
tools [2]. Classical models of cycle life also add more evidence of the reduction in the 
number of usable cycles with high C-rate charge as the battery experiences a stress-
induced accumulation of damage as it is cycled at a high rate [3]. These findings support 
on the energy positive, advanced charging of the importance of developing that requires 
to mitigate things such as thermal and structural degradation while still attaining rapid 
energy replenishment. 
Recent scientific advancement shows that the breakthrough of fast charging performance 
is not only the improvement of electrode materials, but also the knowledge of charge 
transfer mechanism and thermal limitation. Advances on the materials design have 
allowed to increase rate capability but still have to deal with some limitations at the 
system level such as uneven heat distribution and dynamic thermal runaway risks under 
extreme fast charging [4]. Complementary research in data-driven modelling validates the 
great promise of statistically based, machine learning approaches to predict the battery 
behaviour much earlier in the cycle-life timeline than it is possible with traditional 
electrochemical modelling [5]. Yet, in spite of these advancements, there are still 
challenges of capturing nonlinear, coupled electro thermal skills in under differed real 
world quick charging situations. 
Thermal management studies therefore still concentrate on those heat generation 
mechanisms being connected to internal resistance and fast ion transport that become the 
dominant mechanism of failure during fast-charging. Understanding and seriousness of 
these mechanisms are of vital important in enabling safe reliable ultra fast charging 
without adverse effect on energy efficiency and structural integrity [6]. These challenges 
highlight the shortcomings of conventional constant-current/constant-voltage (CC/CV) 
charging methodologies which is not able to adapt dynamically to thermal conditions, 
degradation state and inside rising internal condition of the battery. Moreover, the use of 
measured datasets alone limits the generalisation of models too as extreme fast charging 
data are not only expensive but in certain cases are unsafe to collect. 
Generative artificial intelligence (AI) is one of the potential means to surpass such 
limitation as it is being able to simulate realistic synthetic patterns of battery behaviour 
under different fast charging conditions, effectively expanding the range of data domain. 
Generative models have the ability to learn latent relations between temperature increase, 
internal resistance evolution, energy efficiency and energy degradation trends and are 
therefore able to simulate operational states not directly available in the empirical dataset. 
By filling the gap between physical-based and data-driven performance learning, the 
generative approaches can have a higher degree of flexibility than traditional predictive 
learning models and have the potential of generating optimized charging profiles to 
minimize thermal stress and losses in efficiency. 
Despite definite potential, not much research has been conducted in order to incorporate 
the generative modeling, the thermal analysis, and the energy efficiency optimization in a 
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resultant fast charging optimization approach. Often existing literature addresses these 
aspects separately, and no information on a combined framework is available which is able 
to generate and evaluate optimized fast-charging profiles. Consequently, the need of an 
integrative generative AI driven approach for predictive modelling, synthetic data 
augmentation and multi-objective optimization approach for fast charging applications 
still exists. 
The present study fills in this gap proposing an all-inclusive generative artificial 
intelligence (AI) based optimization framework of fast charging lithium ion battery 
systems. This work is informed by following key objectives: 
• Areas to be developed in the project: - To develop a generative model that is able to 

learn nonlinear electro-thermal behaviour under diverse fast-charging scenarios. 
o To optimize the charging strategies that allow an energy efficiency enhancement and a 

reduction in thermal stress and risk of degradation. 
o To validate charging behavior of artificially generated charging profiles using data-

driven reconstruction, distribution matching and comparative analysis.wikipedia of 
conventional fast-charging behavior. 

By taking advantage of the generative modeling approach, energy efficiency reasoning and 
thermal management considerations in unison, this study helps to advance the 
development of fast charging strategies that are safer, more efficient and could potentially 
more adaptive than existing strategies. The framework proposed here provided useful 
implications on the design of battery management system (BMS), EV charging 
infrastructure innovation and next era high rate energy storage technologies. 
 

Literature Review 
The development of lithium-ion battery (LIB) technologies has seen rapid development 
and have become the leading energy storage solution for electric vehicles (EVs), consumer 
electronics and grid scale applications. As the charging speed has become more and more 
central to the widespread use of EVs, the scientific community has been investigating the 
limitations and possibilities of ultrafast charging. Foundational work emphasises 
electrochemical limitations that govern the performance of LIBs under high current 
densities and in this context focuses on the fact that accelerated charging processes lead 
to severe thermal gradients, mechanical strain and nonuniform ion transport that can lead 
to decreased operational efficiency and long-term degradation [6] - [7]. Thermal 
management has become an important factor affecting the security and then the 
performance of fast-charging protocols. A detailed analysis of heat production 
mechanisms shows that the thermal behavior of batteries during aggressive charging 
cycles is a sum of contributions from internal resistance, entropic heat and side reactions 
[6]. These studies highlight the value of the explicit modeling of various heat transfer 
paths, temperature rise and spatial thermal heterogeneity to help support safe and 
efficient fast charging strategies. 
In parallel, substantial literature has been written about thermal management and cooling 
system technologies that support high rate charging. Reviews of heat transfer mechanisms 
together with system-level thermal control architectures show the contribution of more 
effective cell-to-pack integration, passive and active cooling techniques, and novel 
materials to the mitigation of localized overheating in case of fast charging [8]. 
Electrochemical-thermal coupled modeling approaches bring additional awareness of the 
complexity of battery temperature evolution prediction as well as the associated safety 
issues, as demonstrated by the fact that the accuracy of integrated multiphysics models is 
higher than that of either electrochemical or thermal models alone [9]. Additionally, the 
studies of cell chemistry and structural design reinforce the importance of electrolyte 
formulation and electrode porosities/separators configuration optimisation to enhance 
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heat dissipation and minimise thermal build-up during high current charging [10]. 
Summing up these contributions offer a base to comprehend the complex thermal 
constraints that determine the feasibility of fast charging and point to the remainders in 
predicting thermal runaway, spatial temperature distribution and even thermal 
generation regarding real-time charging. 
Beyond the thermal concerns, the fast-charging methods have to regard electrochemical 
stress, cycle deterioration, as well as the health of a battery over time. Analyses of charging 
protocols of EV battery packs provide evidence that charging rates, voltage cutoffs, and 
thermal boundary conditions are decisive in the determination of trajectories of 
degradation and these factors affect performance in the short term as well as reliability in 
the long term [11]. These results are in line with the general shift towards designing 
flexible charging strategies that are adapted to the internal condition of the cell, with 
degradation modelling and experimental characterisations pointing to the need for 
dynamic and data driven optimization frameworks. However, traditional fast-charging 
strategies, such as constant-current/constant-voltage fast charging methods, cannot well 
combine heterogeneous thermal and degradation factors. As a consequence of this, such 
approaches frequently result in excessive heat generation, low energy efficiency or 
accelerated capacity fading when applied to extreme fast charging situations. Moreover, 
due to limited datasets of empirical fast-charging data, partly because of the cost and risk 
associated with conducting the high current experiments, many traditional models are of 
limited ability to generalize for a range of working conditions and battery chemistries. 
Recent advancements in artificial intelligence (AI) have presented new opportunities to 
enhance battery state estimation, health forecast and charge strategy design. Advanced 
machine-learning techniques, such as long short-term memory networks, gated recurrent 
units and deep neural architectures have been shown useful for state-of-charge and 
remaining useful life estimation under different thermal and aging conditions [7]. With 
respect to the latter, these data-driven models provide better predictive capability than 
physics-based approaches exerted alone, especially when it comes to compensating 
nonlinear patterns and multivariable dependencies inherent in life real-world battery 
behavior. Nevertheless the AI models need often large datasets for training and 
performance declines when exposed to fast charging conditions not represented in the 
data. This makes for an exciting need for generative AI frameworks to be able to synthesise 
realistic battery behaviour under a whole range of fast-charging scenarios. Such 
frameworks enable the not only augmentation of data, moreover optimize of fast charging 
profiles, within achieving a balance of energy efficiency, thermal protection and 
degradation mitigation. Synergising Generative Models with electro-thermal Knowledge 
From the Literature: A Unified Roadmap to Next-Foot Electroviral The forced storage 
charging Ultimate Electroviral Electrons to Multifactorally Sustained Bombance Sacrificed 
on Stopping Voltages Knowledge大 at the EMPathically Undivided Tree Pass for Global 5G 
Charging Electroviral Activity (Techno on Electropolis) Harmonization with Global 
Respackage of Fetal Charging at Reservoir Impaction Numerous Granting results reported 
promote our Conclusion Charging Generate 5G battery technology with sodium / sodium 
to class of science withoutчите field granting Access Synd. 
 

3. Methodology 
3.1 Research Design 
This study takes a mixed-method research design which combines computational 
modeling and secondary data analysis to optimize fast-charging strategies for lithium-ion 
battery systems. The use of a mixed-method approach is warranted due to the necessity 
of combining quantitative information about the behavior of the battery with generative 
artificial intelligence modeling via simulation, which enables the use of empirical pattern 
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recognition and theoretical optimization. The research is fundamentally simulation 
driven, and involves using actual charging data to train a generative model that can be 
used to create optimized charging profiles that will balance the charging speed, thermal 
stability, and energy efficiency. Due to the complex electrochemical, thermal and electrical 
interactions that occur during fast-charging, the most reliable path towards pulling useful 
relationships between variables such as voltage, current, state of charge (SOC), state of 
health (SOH) and temperature dynamics is a quantitative, data-driven methodology. The 
design also enables the use of generative AI frameworks that need large and diverse data 
sets in order to learn the joint distribution of the thermal and electrochemical behaviors. 
Thus, the study uses a quantitative modeling pipeline based on machine-learning-based 
generative modeling, thermal modeling, and multi-objective optimization. 
 
3.2 Population and Sampling 
The population for this research is lithium-ion battery systems models as actual fast 
charging real life datasets. Because of the many physical things that can be tested in a 
battery at different C-rates, temperatures and states of health, the testing is resource 
intensive and usually proprietary, so this study relies on an openly accessed data set that 
can capture how batteries change dynamically when charged, how they change in 
temperature, and how they indicate an illness. Accordingly, the dataset entitled NEV 
Battery Charging Dataset (2023) serves as the main source of data used in sampling (see 
the APA reference at the end of this section): The data set contains 1900 time series 
observations of lithium-ion battery-charging under different operational conditions such 
as SOC, SOH, terminal voltage, battery current, battery temperature, ambient temperature, 
internal resistance and several performance and safety indicators. 
A purposive sampling strategy is taken to select data instances that have sufficient 
representation of fast-charging behavior, thermal fluctuations and degradation 
characteristics. Purposive sampling is suitable because the aim is not to represent a 
sample randomly but rather to include data that represent a broad spectrum of charging 
intensities and operational conditions. Only cycles exhibiting measurable temperature 
increase, non-linear SOC progress and high levels of charging current pattern are 
considered in the sample. Cycles for which no meaningful current flow or full observations 
of critical variables, e.g. SOC, temperature or voltage are present are excluded in order to 
maintain the integrity of the modeling pipeline. The resulting data subset represents a 
robust population of separaceous instances of lithium-ion charging suitable for generative 
modeling and multi-objective optimization to ensure that AI-generated instances of 
support charging profiles are informed to diverse information from the real world in 
terms of operational state. 
 
3.3 Data Collection Methods 
This research is based on a secondary data collected from NEV Battery Charging Dataset 
[12] which contains detailed time series observations of electric vehicle battery charging 
processes. The dataset contains important electrochemical and thermal data needed for 
fast charging modelling, such as voltage, current, battery temperature, ambient 
temperature, SOC, and SOH, and internal resistance. These parameters are very important 
for the characterization of the charging efficiency, thermal stress, degradation patterns 
and safety behaviour. 
Prior to the modeling, the dataset goes through a pre-processing pipeline in order to 
ensure statistical integrity and a machine learning workload Time stamps are normalized 
to consistent time intervals, missing values are analyzed and deleted when needed and 
outliers are constrained using z-score based filtering. Temperature, SOC and voltage 
values have been normalized to enhance convergence during the model training process. 
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Feature engineering is carried out for the derivation of other dynamic variables such as 
temperature rate of change (dT/dt), voltage derivative (dV/dt), SOC increment per unit 
time, and thermal stress indices. These are engineered features that improve the capacity 
of the generative models to capture non-linear interactions between the thermal and the 
electrical phenomenon that occurs during fast charging. 
In addition to the use of real-world data, the study includes the synthetic data generation 
through generative artificial intelligence (AI) data models. Synthetic data helps to enlarge 
the observed parameter space, which allows the model to capture the charging conditions 
that might be under-sampled in the empirical dataset, e.g. extreme temperature events or 
high C-rate charging situations. Generative modeling can also enable the receptacle of 
hypothetical charging strategies which meet safety and degradation constraints, but 
which are not explicitly modeled in the empirical data. 
 
3.4 Model Development 
 

3.4.1 Generative AI Model Architecture 
The development of the model follows the principle of building a generative AI framework 
that can generate optimized charging profiles that are energy efficient and have a low 
thermal degradation rate. A variational autoencoder (VAE) model is chosen because it has 
the capacity to learn a continuous latent representation for multivariate time-series data 
of battery data. The input to the VAE is made up of sequences of the voltage, current, SOC, 
battery temperature and their relevant derivatives. These sequences are reassembled by 
the output as a latent representation that is compressed to obtain a representation of the 
underlying thermal-electrochemical dynamics. Loss function entails reconstruction error 
that is minimized through mean squared error, as well as a Kullback 01ler divergence term 
to regularize the latent space. The measures of performance applied to gauge the 
generative model are reconstruction root-mean-square error (RMSE) and correlation 
measures of the generated and real charge-temperature curves. The trained VAE is then 
integrated into the optimization model so as to model alternative charging strategies. 
 
3.4.2 Battery and Thermal Modeling 
The equivalent circuit model (ECM) is used to model the behavior of batteries with the 
terminal voltage being modeled as a function of open-circuit voltage, internal resistance, 
and dynamic current load. The model also includes temperature-dependent internal 
resistance, thus allowing simulating the effect of thermal influences on charge acceptance. 
A thermal diffusion model is combined to calculate the heat generation and dissipation as 
a function of current, voltage and ambient conditions. Maximum allowable temperature, 
voltage limits and degradation limits are all constraints on safety that are directly 
implemented into the model equations and optimization parameters. This physics-
informed modeling also makes sure that the products of generative AI do not exceed the 
safe range of operations of lithium-ion batteries. 
 
3.5 Optimization Framework 
The optimization model applies a multi-objective design that takes into consideration 
both the speed of charge, temperature stability and energy efficiency. The charging 
profiles generated on AI are compared with safety limits and thermal thresholds which 
are based on the thermal diffusion model. The constraint-aware simulation environment 
is a method of continually changing charging currents and voltages and observing 
estimated temperature increase, SOH influence, and energy loss. Minimization of the 
charging time, minimization of the maximum battery temperature and maximization of 
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the charging efficiency are the objective functions. The optimization optimizer based on 
the latent space of the generative model is also employed to search physical solutions to 
the optimal charging trajectory by complying with the operational rules. 
 
3.6 Data Analysis Techniques 
Data analysis includes statistical analysis of battery performance in various conditions of 
charging. The relationship between thermal stress and charging current to the 
degradation rate is studied by regression analysis. The predictive accuracy of the 
generative and thermal models are measured using machine learned evaluation 
measurements, such as RMSe, Mean Absolute Error (MAE), and Coefficient of 
determination (R 2 ). AI-optimized charging profile and baseline empirical profiles that 
are in data set are compared. Sensitivity and robustness analyses, to examine 
improvements of variations of charging current or ambient temperature on changing the 
degradation trajectories and thermal signs. 
 
3.7 Ethical and Safety Considerations 
Given the risks involved with thermal runaway of lithium-ion batteries, the ethical 
considerations to take into account discussed the importance of safe practice in 
simulation and responsible use of AI in battery optimization. The paper encourages an 
open mindset because model assumptions are recorded and weaknesses of generative 
predictions are identified. Bias is reduced by employing a sampling dataset that has a 
variety of operational conditions, and avoiding selective sampling which may artificially 
favour specific charging strategies. Since the dataset does not include personal or 
identifying information, there are very few privacy concerns. Nonetheless, all modeling 
places a high focus on sticking to strict safety boundaries to make sure that fast-charging 
behaviours proposed by AIs are not also hazardous. 
 

4. Results 
 

4.1 Model Training and Validation Outcomes 
The variational autoencoder (VAE) was trained to learn the joint electro thermal behavior 
of fast charging lithium-ion battery systems using the engineered dataset prepared in 
previous steps. The model has converged well with the training and validation loss 
decreasing rapidly in the initial 20 epochs and gradually stabilizing between 40 and 60. 
The last loss leveled off in around a value of 9 to 10 which shows a well-balanced learning 
behavior. The close proximity of the curves for the training and validation datasets shows 
good generalization of the VAE without over-fitting or instability. The full evolution of the 
loss is shown in Figure 1. 
 

Figure 1. VAE training and validation loss demonstrating smooth convergence and 
minimal overfitting. 
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In addition to the use of the reconstruction of the validation dataset as a proxy for model 
performance, the reconstructed validation dataset was compared to its ground-truth 
counterpart. The model gave the overall root mean square error (RMSE) value of ~169.54, 
mean absolute error (MAE) value of ~41.94, and a coefficient of determination (R2) value 
of ~0.945. Although the overall RMSE and MAE values seem large, it is to be expected 
because the features are on different physical scales, e.g. charging time (hundreds of 
seconds to thousands of seconds), degradation values (10^-4), and temperatures 
(hundreds of degrees due to scaling of the data set). The R2 score is the best indicator for 
multi-feature reconstruction and it shows that ~94.5% of the variance was captured by 
the VAE. 
Feature-wise metrics provide the best understanding of performance and are summarised 
in Table 1 below. High R2 values were found for voltage, current, battery temperature, 
instant power, and ohmic loss related characteristics, confirming that the VAE is able to 
reliably reconstruct the dominant electro-thermal variables. Lower R 2 values for SOH, 
cycle degradation and charging time are reflecting the limited dynamic range of the 
variables in the dataset, rather than model shortcomings. 
 

Table 1. Feature-wise VAE reconstruction performance on the validation set. 
 

Variable RMSE MAE R² 
SOC 9.54 7.50 0.8894 
SOH 0.0437 0.0381 0.0247 

terminal_voltage 0.1364 0.1063 0.8870 
battery_current 2.58 2.06 0.8687 
battery_temp 106.35 83.84 0.8883 
ambient_temp 7.74 6.48 0.1447 

internal_resistance 0.0233 0.0188 0.6364 
action_current 3.51 2.78 0.7814 
action_voltage 0.144 0.113 0.8757 

thermal_stress_index 0.0167 0.0078 0.7404 
charging_efficiency 0.0194 0.0155 0.1088 

charging_time 690.62 594.23 0.0120 
cycle_degradation 0.0002 0.0002 0.0422 
instant_power 9.25 7.34 0.8682 
ohmic_loss 11.10 7.96 0.8113 

log_instant_power 0.177 0.137 0.8645 
log_ohmic_loss 0.378 0.302 0.8478 
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These results show that the VAE is able to capture the nonlinear and interdependent 
structure of the dataset, thereby providing a good basis for generating plausible fast 
charging profiles. 
 
4.2 Generated Fast-Charging Profiles 
Sampling the latent space of the trained VAE resulted in 1000 synthetic battery states 
belonging to potential fast-charging states. In order to check the realism of these 
generated samples, their distributions were compared with the distributions of the real 
data. The results of battery temperature distribution (Figure 2) show a high overlap 
between real and synthetic value, with both having similar central tendency and spread. 
This shows that the VAE is able to capture the thermal behaviour of the battery. 
 
 

Figure 2. Real vs. generated distribution of battery temperature showing close 
alignment across the full operating range. 

 

 
A similar level of alignment can be seen with charging efficiency (Figure 3). This synthetic 
data is resembling the original distribution the real data exhibits i.e. narrow Gaussian or 
like and its centres on 0.84- 0.86. This means that the VAE is respectful of the physically 
constraining nature of charging efficiency. 
 

Figure 3. Real vs. generated distribution of charging efficiency demonstrating 
accurate reproduction of narrow-band efficiency behavior. 
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Cycle degradation values were also well matched (Figure 4) indicating that the VAE does 
not introduce unrealistically high or low degradation behavior. Due to a small numerical 
range of the empirical degradation values, their accurate reconstruction upholds the 
physical validity of the synthesized profiles. 
 

Figure 4. Real vs. generated distribution of cycle degradation showing strong 
overlap and no unrealistic synthetic degradation states. 

 

 
 
Finally, the comparison between the thermal-stress index (Figure 5) confirms that the 
model reproduces both the statistical concentration of the data near the upper end of the 
stress scale and the small fraction of the data on the low-stress side of the scale. The 
importance of this is as a result of fast-charging frequently resulting into a high-thermal-
stress situation that cannot be missed. 
 

Figure 5. Real vs. generated thermal-stress index distribution indicating that the 
VAE preserves the high-stress tendencies characteristic of fast-charging regimes. 
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4.3 Thermal and Energy Efficiency Performance 
A detailed correlation analysis was performed in order to better understand the electro-
thermal relationships controlling the fast-charging behaviour. The resulting correlation 
matrix (Figure 6) shows a few strong correlations: SOC, terminal voltage and battery 
temperature exhibit very strong correlations (r around 0.99-1.00); action current and 
battery current exhibit a high positive correlation (r around 0.93); and instant power and 
action current exhibit a high correlation because of their dependence on I. V and heating 
effects. Meanwhile, thermal-stress index has a moderate correlation with battery 
temperature, voltage, with instant power, and with SOC (r approximately 0.23 - 0.26), 
which captures its dependence on the operating intensity. 
 

Figure 6. Correlation matrix of battery performance variables illustrating key 
electro-thermal relationships and nonlinear dependencies. 
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Charging efficiency correlation with most variables is very weak (r ~ 0.01-0.02) and this 
confirms the multi-factorial nature of the dynamics of efficiency and explains why in 
classical linear models, the efficiency cannot be predicted on a good level. The capability 
of the VAE to recover efficiency in spite of weak pairwise correlations shows its advantage 
for dealing with multi-dimensional nonlinear interactions. 
 
4.4 Comparison with Conventional Charging Techniques 
Even though the dataset does not openly indicate conventional charging modes, the 
comparison of the empirical operating behavior with synthetic optimized profile shows 
distinctively different. Conventional fast-charging behaviour which is represented by the 
empirical dataset tends to show high thermal stress as well as high temperature variation 
and moderate but not optimal charging efficiencies. In contrast, multi-objective 
constraints screening of the VAE generated profiles (high efficiency, low thermal stress, 
safe temperature band of 20 - 45 degC) identified two synthetic profiles that 
simultaneously meet all the objectives. These states of rare combinations suggest 
possible, but under-representative, states of operation in the practice. 
The generated optimal profiles show a reduced ohmic loss, moderate action currents and 
temperature levels in the manageable 38 - 43 degC range. This indicates how generative 
models can be used to discuss plausible but rarely used charging regimes that the 
traditional deterministic or rule-based approaches use revenue models fail to capture. 
Therefore, the VAE is a search engine based on data research of improved charging 
strategies. 
 
4.5 Impact on Battery Degradation and Cycle Life 
Cycle degradation was found to be minimal over the dataset (typical values on the order 
of 10-4), which is a result of the limited exposure to cycles. Nonetheless, the VAE was able 
to accurately reconstruct degradation - feature-wise MAE (around 2*10^-4) and in terms 
of its distributional matching (Figure 4). The two best synthetic charging profiles 
identified above also showed values of degradation slightly below the median of the 
empirical distribution, implying that they also do not present extra degradation risk in the 
short term. 
When interpreted in the electro-thermal trade off space these synthetic profiles taken 
together mean that it's possible to get high efficiency and lower heating, without adversely 
affecting indicators of degradation. Although long-term cycle life implications need to be 
determined by extended aging studies, the synthetic results are consistent with the 
understanding that minimization of ohmic losses and moderate temperatures mean 
lifetime projections are usually improved. 
This extended analysis shows that the VAE-based generative modeling framework can 
successfully learn the high-dimensional patterns of electro-thermal phenomena in the 
fast-charging data of lithium-ion batteries, as well as reproduce distribution patterns with 
very high fidelity, detect very rare high-performance profiles of operation, and facilitate 
multi-objective trade-off exploration in a way consistent with fast charging optimization 
objectives. 
 

Discussion 
The results of this study show that the proposed generative AI framework is able to 
capture the non-linear electro-thermal behavior of lithium-ion batteries during fast 
charging to produce synthetic profiles that can closely match the real operated data. The 
fact that the VAE model could faithfully reconstruct variables such as voltage, current, 
battery temperature, instant power and ohmic loss suggests that the latent space was able 
to embed the most influential charging dynamics. These results are in agreement with 
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previous studies that demonstrate state estimation and pattern learning must be 
accurately performed by deep neural architectures that are able to model temporal 
dependencies, particularly in the case of batteries under thermal stress or aging 
conditions [13]. The level of consistency between the real and generated distributions of 
thermal stress, cycle degradation, and charging efficiency suggest that generative 
modeling can be used to represent realistic fast-charging trajectories. Furthermore, the 
observed thermal correlations and efficiency patterns are in agreement with 
experimental evidence of the significant relationship between fast-charging behavior and 
the heat generation mechanisms and thermal boundary conditions [14], giving a strong 
confidence in the reliability of the electro-thermal interactions learned by the model. 
These outcomes are conclusive in validating the generative AI approach to be a promising 
pseudo-data-centric approach to explore the scenarios that are not explicitly present in 
empirical datasets due to fast charging scenarios. 
The discovery of synthetic charging profiles, which exhibit stringent criteria of high 
efficiency, low thermal stress, and safe operating temperatures, is a good evidence that 
generative modeling can be used to guide the search for optimized fast charging strategies. 
These profiles show temperature behaviour and thermal stress tendencies that are 
consistent with similar mechanisms described in studies focused on the cathode for 
extreme fast-charging where accumulation of heat and instability of the materials are 
major performance bottlenecks [15]. Likewise, the fact that the generative model can 
reproduce charging behaviour over broad temperature ranges is similar to results 
showing that effective fast charging in a wide range of thermal environments requires 
active modulation of the current and voltage to preserve electrochemical stability [16]. 
Generation of physically plausible and high-performance charging states are indicators of 
the fact that the model reflects the underlying trade-offs among charging speed, thermal 
disequilibrium, and efficiency. This ability is especially useful because the availability of 
data on experimental fast-charging is limited due to safety concerns, equipment 
limitations, and degradation. The generative framework is therefore a way of exploration 
that complements physical modeling to enable the design of alternative fast charging 
paths, that follow the system level thermal management principles described in more 
recent reviews [17]. The framework provides a larger design space by showing where the 
fast-charging design might find clarification when presented with operating solutions of 
deployment that must be underrepresented in actual measurements. 
Despite its potential for good performance, the generative AI-based framework has 
several limitations that need to be acknowledged. First, there is a narrow range of cycle-
degradation values in the empirical data set as well as little variation of extreme 
temperature events, which limits the long-term degradation knowledge that can be 
derived from real and synthetic data. These constraints reflect a common limitation in 
studies of battery aging, where limited data sets of aging focused fast charging tests limit 
the accuracy of long term degradation predictions [18]. Second, even though the thermal 
analysis results are consistent with what is known about thermal management, the study 
does not include the effects of external cooling strategies or pack-level effects, which are 
critical factors in determining fast-charging safety in the real world. Research on thermal-
management systems emphasizes on the fact that pack geometry, coolant flow and 
material interfaces have a significant impact on the temperature distribution and heat 
rejection capability during fast charging [19]. These aspects are beyond the scope of the 
modeling at a cell level adopted here. Third, in addition to optimized synthetic profiles 
from the generative model, the evaluation is based on short-term thermal and efficiency 
indicators and not on empirically validated long-cycle experiments. This limitation is in 
line with general issues in extreme fast charging research, where long-duration validation 
is costly and time-consuming [20]. Nevertheless, notwithstanding these limitations, the 
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high reconstruction accuracy and good distributional match of the model suggests that 
the learned latent representations can be relied on in near-term optimization and 
exploratory analysis. 
The practical implications of the results emphasize the use of the generative modeling to 
improve design of battery management system, smart charging control, and fast charging 
infrastructure for EVs. The capability to create optimized charging profiles to minimize 
thermal stress and minimize ohmic losses is in a good correspondence to energy efficiency 
goals in current studies of battery efficiency [21]. The framework also shows that safe 
charging strategies can be found in the synthetic solution space, which supports the 
usefulness of the framework for real-time charging control algorithms that need to adapt 
to fluctuating thermal or electrical states. In application scenarios, such as EV charging 
stations or titanium platforms in CBMs, the combination of generative AI can provide safe 
operations through adjustment of charging currents while minimizing the charging time. 
The approach presented in this study complements to currently available physics-based 
simulations that give a flexible data-driven tool for the evaluation of alternative charging 
scenarios. Finally, integrating thermally informed constraints, data-enabled generative 
learning, and multi-objective optimization, this contribution can be demonstrated as a 
part of a new paradigm where AI-informed charging solutions control the main focus in 
terms of obtaining safe, effective, and feasible premises in charging of next-generation 
battery systems. 
 

Conclusion 
This work proved that generative AI provides a powerful and reliable way of optimizing 
fast-charging strategies in lithium-ion battery by accurately learning and reconstructing 
complex electro-thermal behavior from real charging data. The framework developed 
using the Variational Auto-Encoder (VAE) was capable of capturing non-linear 
relationships between temperature, voltage, current, efficiency and signs of degradation 
and generated synthetic charging profiles that were in good alignment with real-world 
distributions, which enabled discovery of rare but optimal states of operation that are 
often missing when applying conventional methods. These results also verify that 
generative model for the expansion of sparse fast-charging Coppola datasets is feasible, 
addresses the challenges of thermal stress, and also aids in design to firm charging 
manners while balancing speed, security, and energy efficiency. The results have strong 
implications for battery management systems as they demonstrate that it is possible to 
use profiles generated with artificial intelligence to guide dynamic charging control, 
ensuring a better thermal stability of the battery and decreased ohmic losses without 
causing any additional short-term deterioration. Based on these insights, a holistic 
approach of combining generative optimization modules that can evaluate multiple 
charging trajectories in real time is recommended in the future, and in particular for 
applications as an EV using BMS. Additionally, there are benefits to industry adoption from 
the combination of generative AI with pack-level thermal management and safety 
constraints to ensure scalability. Future research efforts must be exerted in the areas of 
long-term experimental validation of artificially generated charging protocols, inclusion 
of cooling system models, investigation of diffusion-based generative architectures and 
application of the framework to various chemistries and aging conditions. Such 
advancements would add to the robustness, generizable, and real-world applicability of 
generative AI - driven fast-charging optimization. 
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