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Abstract

Existing battery State of Health (SOH) prediction approaches
often struggle to provide both accurate predictions and re-
liable uncertainty estimates. This paper presents a novel
Multi-Task Learning (MTL) framework that jointly tackles
SOH prediction and provides a proxy metric for uncertainty
through a unified architecture. The framework combines a
Physics-Informed Neural Network (PINN) for SOH predic-
tion with a deep autoencoding Gaussian mixture model for
uncertainty modeling. Particularly, the energy score from the
Gaussian mixture model serves as a proxy metric for un-
certainty, where a higher score indicates potential predic-
tion unreliability. Moreover, to enhance task-specific learn-
ing, we employ a multi-head attention mechanism that adap-
tively captures distinct feature relationships. Our experi-
ments show improvements in prediction performance com-
pared to the state-of-the-art baseline. A comprehensive eval-
uation on six XJTU battery benchmark datasets demonstrates
that our framework achieves a prediction accuracy of 99.50%
(MAPE: 0.0050) while providing reliable uncertainty quan-
tification through the proxy metric.

Introduction
Accurate battery State of Health (SOH) prediction, which
quantifies the remaining usable capacity of a battery, is cru-
cial for modern battery management systems, particularly
in safety-critical applications. Although deep learning ap-
proaches have advanced battery SOH prediction (Haifeng,
Xuezhe, and Zechang 2009), achieving accurate predictions
remains challenging due to complex microscopic electro-
chemical interactions across various operational conditions.
Moreover, beyond mere accuracy improvements, quantify-
ing prediction reliability has emerged as an essential require-
ment for practical deployment, especially in high-stakes ap-
plications where the cost of prediction failures is substantial.

The accurate and robust prediction of SOH faces two fun-
damental challenges. First, degradation of battery capacity
involves complex electrochemical processes that are diffi-
cult to model explicitly. Moreover, various operational con-
ditions, including dynamic current loads, temperature fluc-
tuations, and various charging protocols, further complicate

*Corresponding author: Yonggang Wen.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

the modeling process (Shao et al. 2023). These complexities
pose significant challenges to capture nonlinear degradation
dynamics. Second, current works on SOH prediction lack
mechanisms to quantify prediction uncertainty (Wen et al.
2023; Wei, Dong, and Chen 2018; Li and Tao 2020), partic-
ularly when encountering unfamiliar degradation patterns.
This limitation makes it difficult to assess the reliability of
their predictions in real-world applications. Although some
probabilistic models have been proposed (Wang et al. 2019),
they typically rely on strong assumptions about data dis-
tributions and prior knowledge, which may not hold under
practical battery degradation scenarios.

Existing approaches for SOH prediction can be broadly
categorized into physics-based and learning-based methods.
Physics-based methods attempt to model battery degrada-
tion dynamics through physical laws, such as equivalent cir-
cuit modeling (Amir et al. 2022) and Shepherd model (Jung
and Tullu 2023). Such methods explicitly model battery dy-
namics via electrochemical principles but rarely leverage
data-driven frameworks. Learning-based approaches, on the
other hand, can be further divided into deterministic and
probabilistic methods. From the perspective of the bias-
variance tradeoff (Hastie, Tibshirani, and Friedman 2017),
these two branches of research lie at opposite ends of the
spectrum. Deterministic methods, such as Support Vector
Regression (SVR) (Wei, Dong, and Chen 2018) and Physics-
informed Neural Network (PINN) (Wang et al. 2024b), di-
rectly model battery degradation patterns through neural net-
works to produce point estimates, but often exhibit high vari-
ance and are prone to overfitting. Probabilistic methods, in-
cluding Bayesian neural networks (Jiang et al. 2021), Gaus-
sian process regression (Liu et al. 2019), and Monte Carlo
dropout (Wei et al. 2021), explicitly model uncertainties in
the prediction process. However, certain implementations
with overly strong priors or limited model complexity can
lead to increased bias and potential underfitting (Lakshmi-
narayanan, Pritzel, and Blundell 2017), particularly in bat-
tery applications where degradation data is often scarce.

To address this bias-variance tradeoff, we propose a novel
Multi-Task Learning (MTL) framework that not only en-
hances SOH prediction accuracy but also accounts for the
inherent uncertainty of battery degradation datasets and pro-
vides a proxy metric for uncertainty quantification. Our
framework achieves this through two key tasks. Specifi-
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cally, we introduce a novel soft-constraint PINN for the
SOH prediction task. Traditional PINNs typically enforce
physical consistency by incorporating explicitly formulated
governing equations as penalty terms into the training ob-
jective, where deviations from known physical equations
directly increase the training loss (Raissi, Perdikaris, and
Karniadakis 2019). However, battery degradation involves
inherently complex electrochemical processes lacking ex-
plicit symbolic equations (O’Kane et al. 2022). Our soft-
constraint PINN overcomes this limitation by implicitly cap-
turing physical consistency through automatic differentia-
tion of latent representations, encoding physically meaning-
ful derivatives as a weak prior. This enables effective model-
ing of battery dynamics without explicitly formulating gov-
erning equations, significantly support the predictions in bat-
tery applications. In parallel, we introduce Deep Autoencod-
ing Gaussian Mixture Models (DAGMM) for the uncertainty
task. DAGMM naturally encodes feature distributions into
a compact latent representation and uses an energy-based
score to assess deviations from training distribution and data
corruption (Ma et al. 2021), thus explicitly capturing un-
certainties arising from distributional shifts. By capturing
these uncertainties, DAGMM provides an inductive bias that
guides latent feature representation learning during training.
Unlike conventional uncertainty metrics (e.g., expected cal-
ibration error) that assume independent and identically dis-
tributed settings and become unreliable under non-stationary
or shifted distributions (Ovadia et al. 2019), our approach
leverages an energy-based Negative Log-Likelihood (NLL)
metric. This energy score acts as a shift-aware proxy for un-
certainty, detecting distributional anomalies and avoid over-
confident predictions in out-of-sample regimes. To the best
of our knowledge, this is the first work to introduce an
energy-based uncertainty proxy metric specifically tailored
for battery SOH estimation algorithms under dataset shifts.

The main contributions can be summarized as:

• We develop a MTL framework integrating SOH predic-
tion with an energy-based proxy metric for uncertainty
quantification, where the uncertainty task regularizes fea-
ture representations during training. This work proposes
a general surrogate modeling paradigm for stochastic
physical systems, highlighting the potential of integrat-
ing deep learning with uncertainty quantification.

• We propose a novel soft-constraint PINN that implicitly
encodes physical consistency through automatic differ-
entiation, modeling battery degradation without explicit
equations.

• Our experiments on the XJTU battery datasets demon-
strate that our approach achieves state-of-the-art predic-
tion accuracies (99.50% for single protocols, 97.65% for
heterogeneous protocols) and an effective proxy uncer-
tainty metric to identify possible unreliable predictions.

Model Architecture
In this section, we propose a unified MTL framework in-
tegrating SOH prediction with uncertainty assessment. Our
framework consists of four key components shown in Fig. 1:
(1) A shared encoder that extracts common representations

from battery datasets, (2) A multi-head self-attention mech-
anism to refine the latent features, (3) Two parallel tasks to
perform SOH prediction and uncertainty assessment, and (4)
A joint learning mechanism to balance two tasks.

Shared Encoder
The accurate prediction of SOH and the uncertainty quan-
tification rely heavily on the extracted features from battery
datasets. In line with XJTU datasets (Wang et al. 2024b),
we extract statistical features (mean, variance, kurtosis, etc.)
from Constant Current (CC) and Constant Voltage (CV)
phases during battery charging, and design a shared encoder
to transform these features into a latent space.

Then, we incorporate a multi-head self-attention mecha-
nism to capture interdependencies among the input features
rather than directly identifying the importance of individual
features relative to the SOH prediction. Its primary role is to
enhance representation learning by encoding complex non-
linear relationships among the diverse features.

Task 1: SOH Prediction
We present a novel soft-constraint PINN-based module to
efficiently predict battery SOH as Task 1 in MTL. Inspired
by gradient-based physics learning (Wang et al. 2024b;
Meng et al. 2020), our soft-constraint PINN approach differs
by not relying on explicit governing equations. As shown in
Fig. 2, our soft-constraint PINN architecture consists of two
key components: a predictor network and a physics network.
The predictor network takes the attention-weighted battery
features z1, ..., zn and cycle number t as inputs. The output
SOH prediction S and the latent feature representation z, are
then fed into the physics network, which implicitly captures
physical constraints through automatic differentiation rather
than explicit equations.

The physics network is a three-layer Multilayer Percep-
tion (MLP) that leverages automatic differentiation to model
the battery degradation dynamics in H(z, S, St, Sz). S, St
and Sz denote the current SOH and its gradients with re-
spect to time and features, respectively. Unlike conven-
tional PINNs explicitly employing accurate governing equa-
tions, our soft-constraint PINN leverages these derivative
constraints as implicit physical regularization. This design
choice leverages a weak physical prior derived from general
degradation behaviors, making it particularly suited for bat-
tery degradation scenarios lacking explicit governing equa-
tions.

While we compute St to capture how SOH changes
over time, H(·) independently predicts this degradation rate
based on the aforementioned physical information it re-
ceives. We utilize Lphysics = (St −H(zp, S, St, Sz))

2 to en-
force consistency between the observed and physically ex-
pected degradation rates. The physics-informed loss is for-
mulated as:

Lsoh = Lmse + αLphysics + βLreduced. (1)

This loss function consists of three parts. First, Lmse =
1
n

∑n
i=1(Si − Ŝi)

2 refers to the mean squared error be-
tween true S and predicted Ŝ. Then, we introduce a physics
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Figure 1: Overview of our MTL framework. The framework consists of four main components: (1) A shared encoder with
multi-head attention mechanisms for feature extraction, (2) a PINN-based task for SOH prediction, (3) a DAGMM-based task
for the proxy metric for uncertainty, and (4) a MTL module that integrates both tasks. The blue and orange arrows indicate the
information flows, while the dashed arrows show the corresponding gradient flows during training.

S

z1

zn

t

…
…

z

S
𝜕S
𝜕𝑧
𝜕S
𝜕𝑡

Prediction 
Network Physics Network H

H(z,	S, 𝑆!, 𝑆")

H(•)

∑

𝐿physics ×𝛂

×𝛃

Update

True 
value

Loss Function

𝐿reduced

𝐿mse

𝐿soh

Figure 2: Architecture of the module for Task 1. A predic-
tor network that maps battery features to SOH values, and a
physics-guided network that enforces physical consistency.

loss term Lphysics. This physics-informed constraint helps
our model maintain reasonable predictions even when en-
countering unfamiliar degradation patterns. Although the
physics network’s outputs are explicitly used only within the
loss function, this design explicitly guides the latent feature
space towards better representation of physical consistency
and underlying degradation behaviors to improve general-
ization. Since S inevitably decreases during usage, we apply
a monotonicity constraint Lreduced =

∑n−1
i=1 max(0, Ŝi+1 −

Ŝi) that penalizes any predicted increases in SOH.

Task 2: The Proxy Metric for Uncertainty
In Task 2, we leverage DAGMM to quantify prediction un-
certainty, which combines a deep autoencoder and a Gaus-
sian Mixture Model (GMM). Traditional uncertainty quan-
tification includes Calibration Error (CE)-based metrics,
such as Expected Calibration Error (ECE) are typically non-
differentiable and serve only as post-hoc evaluation tools
(Karandikar et al. 2021). Consequently, neural network pa-
rameters cannot be directly optimized for uncertainty using
these methods. Meanwhile, physics-informed probabilistic
methods, such as Bayesian PINNs (Yang, Meng, and Kar-
niadakis 2021), Bayesian Neural ODEs (Dandekar et al.

2020), and Gaussian processes with physical priors (Pförtner
et al. 2022), require fully or partially known PDEs or ODEs,
which are typically unavailable due to unobservable degra-
dation processes in batteries (Li et al. 2019).

In real-world battery operations, environmental, manufac-
turing, and usage-induced variability often causes test data
to diverge significantly from the training distribution (von
Bülow, Heinrich, and Paxton 2024). Therefore, instead of
directly analyzing the uncertainty in the high-dimensional
sample space, we utilize the energy score (Zong et al. 2018)
in Eq. 2 as a proxy metric operating on the condensed latent
representations z learned by the model, naturally providing
a differentiable, structured regularization during training.
Specifically, this energy score evaluates how well a latent
representation fits the learned GMM distribution, explicitly
capturing uncertainties arising from distributional shifts.

When DAGMM processes new battery data, the energy
score provides a quantitative measure of distribution shift
by evaluating the NLL of the latent vectors under the trained
GMM part. Specifically, if a battery exhibits unusual voltage
patterns or degradation behaviors that differ from the train-
ing distribution, its latent representation will be mapped to
low-density regions in the GMM, resulting in a higher en-
ergy score. This score, therefore, serves as a metric for iden-
tifying potentially unreliable predictions where the model
encounters unfamiliar degradation patterns.

Instead of relying on known differential equations, our
approach imposes implicit physics-informed constraints in
the latent space. The energy score examines the distri-
butional characteristics in the learned latent space, where
essential features of battery degradation patterns are pre-
served through the autoencoder in DAGMM. As shown in
Fig. 3, we implement two main components to construct
the energy-based proxy metric: an autoencoder network for
feature compression and GMM for energy scoring. Firstly,
we design the encoder h(x; θe) to progressively compress
the features through multiple fully connected layers to zc,
while the decoder g(zc; θd) reconstructs the original fea-
tures. Such a compression-reconstruction process enables
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the network to learn the most essential battery degradation
patterns, forming the basis for uncertainty assessment.

Secondly, we compute reconstruction error zr and cosine
similarity ze between original and reconstructed features.
Then, we combine [zc, zr, ze] into a joint representation vec-
tor z capturing both battery state and the model’s capability
to reconstruct observed patterns.

Thirdly, we model the density distribution of z using
the GMM part since battery degradation patterns naturally
form clusters under different operating conditions. GMM
first performs membership prediction and outputs γik, rep-
resenting the probability of sample i belonging to the k-
th Gaussian component. These membership predictions are
then used to compute the GMM parameters: mixture weights
ωk =

∑N
i=1 γik, component means µk =

∑N
i=1 γikzi∑N
i=1 γik

, and

covariance matrices Σk =
∑N

i=1 γik(zi−µk)(zi−µk)
T∑N

i=1 γik
, where

N is the sample batch size, ωk represents mixture weights,
µk and Σk are mean and covariance matrices for the k-th
component. Finally, the energy score is:

E(z) = − log

(∑
k

ωk√
|2πΣk|

· exp
(
− 1

2 (z − µk)
TΣ−1

k (z − µk)
))

.

(2)
This energy score serves as a proxy metric for uncer-
tainty. Rather than directly estimating uncertainty, the en-
ergy score efficiently captures epistemic uncertainty when
encountering out-of-distribution samples, echoing spectral
regularization ideas for robustness in rank aggregation (Ma
et al. 2022). In battery applications, environmental variabil-
ity such as temperature fluctuations and varying charging
rates introduces data distribution shifts, which can be ef-
fectively modeled by Gaussian noise (Zhang et al. 2024).
Therefore, we primarily adopt additive Gaussian noise to
simulate battery environmental variability in this paper, and
we have the following proposition.

Proposition 1 Given the encoder network h(x; θe) is Lip-
schitz continuous, adding Gaussian noise to input features
increases the expected energy score evaluated by the GMM.
Furthermore, the expected energy score increases monotoni-
cally with the standard deviation of additive Gaussian noise.

Remark 1 By Proposition 1, higher energy scores effec-
tively indicate increased uncertainty under noisy or shifted
conditions. To our best knowledge, the proposed framework
is the first having these properties among existing battery
estimation algorithms with proofs in Appendix A, indicating
the energy score as an effective uncertainty metric.

To optimize our uncertainty proxy metric, we consider
a joint loss function: Lconf = Lrec + λ1Lenergy + λ2Lcov.
The reconstruction loss Lrec measures the mean square er-
ror between input and reconstructed features, ensuring our
encoder captures essential characteristics while filtering out
noise. Energy-based loss Lenergy = 1

N

∑N
i=1 E(zi) pro-

motes effective uncertainty detection by penalizing devia-
tions from normal patterns. Covariance regularization term
Lcov maintains numerical stability of the GMM components.
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Figure 3: Architecture of the module for Task 2. A deep au-
toencoder for feature compression and reconstruction, and a
joint representation to generate energy scores.

This loss formulation enables our model to learn discrimina-
tive representations for uncertainty quantification under the
reliable energy-based proxy metric.

MTL Framework and Task Interaction
We design our joint optimization objective to combine Lsoh
for Task 1 and Lconf for Task 2:

LMTL = Lsoh + λLconf. (3)

The shared encoder maps raw battery data into a unified
latent space, providing a compact and structured represen-
tation of the high-dimensional input. This latent represen-
tation is simultaneously utilized for two subsequent tasks.
Following Kontolati et al. (2024), which demonstrated that
enforcing physical consistency in latent spaces enhances the
modeling of complex physical systems, we constrain latent
representations via PINN to satisfy physical priors. Con-
currently, we develop the DAGMM network to encourage
the latent representations to follow a more concentrated dis-
tribution, ensuring that data samples from the same cate-
gory are closer together. The parameters of the PINN and
DAGMM networks, along with those of the shared encoder,
are jointly optimized through Eq. 3. The reason behind this
joint optimization is that DAGMM explicitly regularizes the
latent feature space toward a structured multimodal repre-
sentation, complementing PINN’s focus on physical consis-
tency. As detailed justified in Appendix B, the energy-based
metric provided by DAGMM monotonically increases un-
der data shifts, thereby offering a robust uncertainty signal
and ensuring a more informed feature representation. During
backpropagation, the shared encoder receives gradient up-
dates from both tasks, leading to an enriched and physically
meaningful latent representation. As a result, the learned en-
coder not only effectively separates data from different cate-
gories within the latent space but also ensures that the latent
representations inherit essential physical priors.

The effectiveness of our MTL framework can be analyzed
through an (a, b)-model framework (Baxter 1997), where a
represents the dimension of the minimal hypothesis space
sufficient for learning all tasks, and b denotes the dimen-
sion of the learner’s representation space. For an (a, b)-
model with n tasks, let m denote the number of examples
required per task. The sample complexity is bounded by
m = O(a+ b

n ). Following Baxter (1997), our task satisfies
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the (a, b)-model by: (1) The degradation patterns share un-
derlying physical mechanisms (a common hypothesis space
a), (2) Our MTL provides the representation space b, (3) The
training dataset size m provides sufficient samples. In our
MTL framework with two jointly trained tasks, we achieve
loss reduction through the (a, b)-model analysis. Following
Baxter (1997), we have the cumulative loss for joint learn-
ing Cjoint

.
= logm

2

(
a+ b

2

)
+o(logm), and for independent

learning is Cindep
.
= logm

2 (a + b) + o(logm). Therefore,
Cjoint − Cindep = − b logm

4 + o(logm), demonstrating our
MTL framework can achieve better performance through
joint training.

Our MTL framework balances SOH prediction and un-
certainty quantification through adaptive loss weighting and
gradient balancing. The weighting factor λ is tuned to prior-
itize prediction accuracy while maintaining effective uncer-
tainty assessment, as accurate SOH prediction serves as the
foundation for meaningful uncertainty evaluation. We apply
gradient normalization to avoid domination of one gradient
stream, a design that aligns with the elegant fixed-point per-
spective on equilibrium optimization proposed in spectral
rank aggregation (Ma et al. 2024).

Experiments and Evaluation
We evaluate our MTL framework against five baseline mod-
els: Long Short-Term Memory (LSTM), MLP, Convolu-
tional Neural Network (CNN), Transformer, and PINN with
detailed configurations in Appendix E. The PINN baseline
(Wang et al. 2024b) is currently recognized as a state-of-
the-art (SOTA) approach for battery SOH estimation. The
LSTM, MLP, and CNN are widely adopted SOH estima-
tion baselines (Wang et al. 2024a), and we further include a
Transformer-based baseline. We perform the following four
sets of experiments: (1) A performance study of prediction
accuracy, (2) Cross-dataset generalization tests, (3) Valida-
tion of the energy-based uncertainty proxy metric, and (4)
Ablation studies examining the contributions of the atten-
tion mechanism, uncertainty task, and MTL structure.

Datasets and Evaluation Metrics
To further demonstrate our framework’s applicability in re-
alistic and highly stochastic scenarios, we conduct exper-
iments on six XJTU battery datasets (Wang et al. 2024b)
representing diverse charging/discharging protocols beyond
simple accelerated aging. In addition to fixed-rate protocols
(named 2C, 3C) and variable-rate discharging with vary-
ing depths (named R2.5, R3), the datasets comprise random
walk discharges (named RW) with randomized currents and
durations, and satellite simulations (named Satellite) that re-
flect non-uniform operational cycles typical of satellite bat-
teries. The detailed charging/discharging profiles of these
six datasets are illustrated in Appendix D. We report four
widely adopted error metrics: Mean Square Error (MSE),
Root Mean Square Error (RMSE), Mean Absolute Error
(MAE), and Mean Absolute Percentage Error (MAPE) as
detailed in Appendix E. In the main experiments, we partic-
ularly focus on MAPE and RMSE as they provide comple-
mentary insights.

Evaluation of SOH Prediction
Evaluation Setting. We evaluate model performance un-
der single-dataset training (specific protocols) and joint-
dataset training (generalization across diverse conditions).

Evaluation Results. In single-dataset training, we com-
pare the prediction accurancy of our MTL model against
LSTM, CNN, Transformer, and PINN baselines in Tab. 1.
Our approach consistently improves performance, reducing
MAPE and RMSE by approximately 57.2% and 60.5% com-
pared to LSTM, MLP, CNN, and Transformer baselines. It
also shows notable improvements over the current SOTA
baseline, PINN, with reductions of 40.7% in MAPE and
48.4% in RMSE. In particular, even for the RW dataset,
which is challenging due to its stochastic charging/discharg-
ing protocols that significantly deviate from standard fixed
protocols, our model maintains strong performance (MAPE:
0.80%, RMSE: 0.98%) along with PINN (MAPE: 1.35%,
RMSE: 1.90%), while CNN suffers significant performance
degradation (MAPE: 3.50%, RMSE: 4.53%). As clearly il-
lustrated in Appendix E, our approach provides distinctly
predictions to reflect diverse battery degradation patterns
in six datasets. For example, dataset 3C exhibits a rapid
and consistent monotonic SOH decline characteristic, while
dataset R3 clearly demonstrates staged degradation trends
with intermittent slow-decline phases and abrupt capacity
drops. The predicted SOH curves accurately track the actual
degradation patterns across all datasets.

In all-dataset evaluation, our MTL model achieves MAPE
of 1.09% and RMSE of 1.17%, improving upon PINN’s
1.79% and 2.37% by 39.1% and 50.6%, as shown in Tab 3.
This demonstrate that our MTL framework effectively lever-
ages the diverse degradation patterns from multiple datasets
to enhance its prediction capability. This improvement can
be attributed to the effective knowledge sharing in our
MTL framework helps identify universal degradation pat-
terns across different charging/discharging protocols.

Cross-dataset Evaluation
Evaluation Setting. We further assess generalization via
cross-dataset evaluation, creating 15 training-testing com-
binations from the six datasets, focusing on MAPE and
RMSE. Details about these combinations in Tab 2 are pro-
vided in Appendix E. This setting examines how well our
model can adapt to and perform on previously unseen charg-
ing/discharging protocols, especially when transferring from
simple to more complex protocols.

Evaluation Results. Tab. 2 presents the performance for
all 15 cross-dataset combinations. When trained on fixed
charging protocols, our MTL model achieves MAPE of
0.0266 compared to PINN’s 0.0357, showing a 25.5% im-
provement. This advantage becomes more pronounced when
combining simple and complex charging protocols. For in-
stance, when trained on 3C (fixed-rate protocol) and Satellite
(complex protocol), ours MTL model maintains strong per-
formance (MAPE: 0.0262) while PINN’s performance de-
grades (MAPE: 0.037759), representing a 30.6% improve-
ment. This enhanced generalization can be attributed to the
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Training
Dataset Ours LSTM MLP CNN Transformer PINN

MAPE ↓ RMSE ↓ MAPE RMSE MAPE RMSE MAPE RMSE MAPE RMSE MAPE RMSE

2C 0.67±0.03 0.74±0.17 1.30±0.40 3.62±1.18 2.60±0.22 2.77±0.20 2.70±1.04 3.30±1.06 0.95±0.15 1.11±0.14 1.80±0.07 2.32±0.19
3C 1.54±0.06 1.65±0.13 1.79±0.04 2.12±0.94 2.75±0.12 3.04±0.11 2.98±0.49 3.52±0.46 1.80±0.93 2.12±1.01 1.84±0.04 2.45±0.02
R2.5 1.02±0.05 1.15±0.08 2.30±0.27 2.68±0.36 2.11±0.20 2.37±0.39 1.77±0.35 2.12±0.46 1.24±0.16 1.46±0.19 1.61±0.11 2.27±0.17
R3 0.50±0.09 0.63±0.21 1.41±0.54 2.28±0.64 2.00±0.07 2.35±0.09 1.50±0.42 1.89±0.57 1.01±0.31 1.24±0.27 1.56±0.06 2.14±0.07
RW 0.80±0.08 0.98±0.10 1.87±0.99 2.39±1.07 1.83±0.26 2.17±0.25 3.50±0.25 4.53±0.33 3.15±0.08 3.62±0.08 1.35±0.21 1.90±0.42
Satellite 0.67±0.02 0.74±0.05 2.21±0.65 2.79±0.73 2.04±0.05 2.42±0.07 1.49±0.50 1.94±0.65 1.75±0.86 2.09±1.03 1.47±0.04 2.00±0.21

Table 1: SOH prediction accuracy of single dataset evaluation (in %). Bold: best, underline: second-best.

No. Ours LSTM MLP CNN Transformer PINN

MAPE ↓ RMSE ↓ MAPE RMSE MAPE RMSE MAPE RMSE MAPE RMSE MAPE RMSE

1 2.66±0.14 2.71±0.25 3.84±0.08 6.35±0.43 4.06±0.24 9.91±0.60 3.89±0.49 4.54±0.91 3.63±0.41 4.27±0.53 3.57±0.16 4.24±0.28
2 2.63±0.03 2.62±0.08 3.59±0.42 4.64±1.35 3.68±0.64 9.02±0.76 3.57±0.67 4.23±1.43 2.99±0.56 3.49±0.65 3.25±0.08 3.88±0.21
3 2.70±0.04 2.64±0.10 3.87±1.05 5.76±1.65 3.54±0.10 8.52±0.46 3.79±0.23 4.44±0.78 3.00±0.65 3.50±0.79 3.46±0.47 4.10±1.15
4 3.01±0.12 2.97±0.77 3.44±0.48 5.41±0.95 4.79±0.14 6.75±0.63 3.90±0.56 4.52±0.89 4.03±0.19 4.61±0.14 3.69±1.23 4.27±1.90
5 2.63±0.33 2.62±0.20 3.85±1.37 4.59±1.30 3.31±0.65 4.72±0.91 3.87±0.17 4.58±0.49 3.54±0.69 4.24±0.79 3.49±0.40 4.31±1.06
6 2.94±0.10 2.85±0.51 4.38±0.84 6.30±2.44 3.36±0.57 4.64±1.04 3.81±0.70 4.47±1.17 3.14±1.09 3.62±1.13 3.46±0.79 4.17±1.31
7 2.70±0.06 2.66±0.31 4.06±0.35 4.68±0.51 3.83±0.72 7.83±1.64 4.04±0.48 4.68±0.60 3.75±0.59 4.34±0.72 3.63±0.10 4.36±0.29
8 2.90±0.41 2.84±0.91 5.54±1.01 5.50±1.42 3.41±0.45 6.22±0.92 6.76±0.19 6.91±0.34 4.26±0.24 4.82±0.17 3.80±0.48 4.46±0.76
9 2.62±0.36 2.55±0.64 4.13±0.70 4.89±0.94 3.43±0.80 7.18±2.05 4.20±0.12 4.97±0.27 4.28±0.06 4.87±0.02 3.77±0.66 4.62±0.69
10 2.48±0.14 2.47±0.15 3.24±0.50 3.82±0.72 3.71±0.15 4.38±0.50 3.62±0.08 4.43±0.15 2.75±0.77 3.30±0.88 3.35±0.09 4.02±0.21
11 2.35±0.10 2.32±0.24 3.79±0.33 4.43±0.63 3.80±0.10 4.43±0.21 4.12±0.41 5.55±0.69 2.95±1.06 3.47±1.19 3.51±0.12 4.15±1.07
12 3.10±0.55 2.97±0.57 3.88±0.35 5.45±0.58 3.82±0.08 4.55±0.23 3.85±0.26 5.61±0.69 3.54±0.57 4.26±0.61 3.41±0.53 4.28±0.55
13 2.95±0.30 2.89±1.60 4.00±0.71 4.62±1.34 3.99±0.33 4.62±0.87 4.01±0.13 4.62±0.26 3.60±0.78 4.21±0.90 3.70±0.34 4.33±1.56
14 3.21±0.41 3.11±0.86 3.49±0.80 4.23±1.13 4.10±0.38 4.81±1.29 3.59±0.15 4.41±0.34 3.66±0.93 4.36±0.96 3.68±0.46 4.52±0.97
15 2.51±0.69 2.47±0.74 6.19±0.65 9.89±1.72 3.62±0.27 9.89±0.41 4.08±0.11 4.77±0.24 4.12±0.10 4.80±0.03 3.71±0.06 4.52±0.34

Table 2: SOH prediction accuracy of cross-dataset evaluation (in %). Bold: best, underline: second-best.

complementary roles of both tasks in our MTL framework.
Task 1 captures fundamental degradation patterns, and Task
2 models distributional regularities, jointly ensuring robust
predictions for unseen charging conditions.

The knowledge sharing mechanism enables our model to
learn more robust feature representations, which proves par-
ticularly beneficial when generalizing to unseen complex
patterns like RW and Satellite charging protocols. When RW
dataset is included in training, the performance gap between
our MTL model and PINN is relatively smaller (25.6% im-
provement) compared to when training only on fixed-rate
protocols like 2C and 3C (38.6% improvement). This sug-
gests that the inherent variability in RW protocols provides
rich degradation information that even baseline models can
partially capture, while MTL’s advantage becomes more
pronounced when learning from more structured charging
protocols and generalizing to diverse conditions.

Evaluation of the Proxy Metric for Uncertainty
Evaluation Setting. We evaluate the effectiveness of our
energy-based metric using noise injection experiments with
controlled Gaussian and non-Gaussian anomalies (simulat-
ing sudden jumps and sporadic outliers), generating 11 test
datasets with progressively increased noise (from 0.01 to
0.5). This setup evaluates how prediction accuracy degrades
with increasing noise, and whether the energy score corre-
lates well with prediction uncertainty. A high energy score
effectively signals unfamiliar or anomalous conditions, thus
preventing potential SOH prediction errors.
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Figure 4: Impact of noise injection on prediction error and
the proxy metric for uncertainty.

Evaluation Results. The effectiveness of our proxy met-
ric is demonstrated through the positive correlation between
noise levels and the energy score. As shown in Fig. 4, as the
noise level increases from 0 to 0.5, the SOH prediction loss
and RMSE show a consistent exponential growth pattern,
with SOH loss increasing from 0.0026 to 0.4601 and RMSE
rising from 0.0307 to 0.6642. Simultaneously, the energy
score exhibits a strong positive correlation, progressively in-
creasing from -14.4479 to -2.5940. The energy score proves
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Model MAE ↓ MAPE ↓ MSE ↓ RMSE ↓

Ours 1.00 1.09 0.02 1.17
LSTM 1.80 1.95 0.07 2.45
MLP 3.14 3.42 0.17 4.01
CNN 3.45 3.76 0.20 4.44
Transformer 2.02 2.21 0.08 2.67
PINN 1.67 1.79 0.06 2.37

Table 3: Prediction accuracy (%) averaged over 10 runs.

Model MAE ↓ MAPE ↓ MSE ↓ RMSE ↓

Ours 1.00 1.09 0.02 1.17

Ours (1-atten) 1.47 1.59 0.03 1.71
Ours (w/o atten) 1.57 1.69 0.04 1.80

Ours (w/o Task2) 1.63 1.75 0.05 2.22

Ours (w/o MTL) 1.72 1.84 0.09 2.96

Table 4: Ablation study (%) averaged over 10 runs.

to be an effective proxy metric for potentially unreliable
predictions. When the energy score exceeds a pre-defined
threshold (e.g., -8.0), it signals potential data anomalies that
could lead to unreliable SOH predictions. This proxy uncer-
tainty metric is particularly valuable for electric vehicle op-
erations, which enables proactive measures such as adjust-
ing charging strategies to avoid high-risk operational con-
ditions, scheduling maintenance before significant capac-
ity loss occurs, or even recommending battery replacement
when SOH predictions become consistently unreliable. The
timely alerts enable operators to initiate preventive mainte-
nance or retrain models before actual system failures occur.

Ablation Study
We conduct ablation studies to evaluate three components
of our framework: the multi-head attention mechanism, the
uncertainty task, and the MTL structure. Through compar-
isons with simplified variants, we aim to validate our design
choices and their individual contributions.

Ablation of Attention Mechanism. To validate the ef-
fectiveness of the multi-head attention mechanism in our
MTL framework, we compare our complete model with
two variants: Ours (1-atten) using a single attention head,
and Ours (w/o atten) without the attention mechanism. The
ablation results in Tab. 4 demonstrate the effectiveness of
our multi-head attention design. Reducing to a single atten-
tion head leads to 45.9% higher MAPE and 46.2% higher
RMSE, while completely removing attention further de-
grades performance with 55.0% higher MAPE and 53.8%
higher RMSE. Each of the 17 attention heads independently
encodes inter-feature dependencies, with visualizations in
Appendix E. This diversity in captured inter-feature relation-
ships is inherently limited when using a single head or no

attention, resulting in compromised predictive performance.

Ablation of Uncertainty Task (Task 2). To isolate the
benefits of the uncertainty quantification task (Task 2) within
our MTL framework, we evaluate a variant (Ours w/o Task2)
that maintains the same encoder-PINN architecture but re-
moves the uncertainty quantification task entirely. By com-
paring convergence speeds under identical training settings,
we evaluate the impact of the MTL framework on training
efficiency. Ablation results presented in Appendix E demon-
strate that Task 2 substantially accelerates convergence, with
our MTL model converging around 45-th epoch compared
to over 100 epochs for PINN baseline. Notably, despite hav-
ing nearly three times more parameters, typically imply-
ing a more challenging optimization landscape, the MTL
model converges faster, indicating implicit regularization
and more effective gradient utilization. Regarding inference
complexity, Appendix E indicates that our MTL model in-
curs an increased inference latency (0.246 ms/sample) com-
pared to the PINN baseline (0.109 ms/sample), primarily
due to its dual-network structure and GMM inference mod-
ule. Nevertheless, this absolute latency remains very low,
and the achieved inference throughput (approximately 4062
samples/s) is still sufficiently high, acceptable for practical
deployment scenarios. Thus, the additional computational
overhead is modest and justified, given the significant im-
provements in prediction accuracy and uncertainty quantifi-
cation. The performance comparison in Tab. 4 further vali-
dates the effectiveness of Task 2. Our complete MTL model
achieves an additional 37.7% reduction in MAPE, confirm-
ing the benefits from the collaborative learning both tasks.

Ablation of MTL using Single-Head Probabilistic Re-
gression. To further validate the advantage of formulating
prediction accuracy and uncertainty quantification as two
distinct tasks within our MTL framework, we implemented
a single-task variant, ours (w/o MTL), using a probabilistic
regression head trained with an NLL loss. Unlike our MTL
structure, this single-head variant jointly predicts both SOH
and its associated uncertainty from a unified output. Results
presented in Tab. 4 clearly show that ours (w/o MTL) variant
consistently underperforms our proposed MTL approach,
exhibiting increases of approximately 35.5% in MAPE.

Conclusion
This paper proposes a novel MTL framework that jointly op-
timizes battery SOH prediction and a proxy uncertainty met-
ric. The framework combines a PINN for SOH estimation
with a DAGMM for uncertainty modeling through a multi-
head attention mechanism. Extensive experiments show that
the proposed approach significantly outperforms baseline
methods, achieving lower MAPE under both single charging
protocols and heterogeneous operating conditions, while si-
multaneously providing a meaningful proxy for uncertainty.
While this unified framework represents just one possible
approach, we hope it motivates broader research into surro-
gate modeling strategies for inherently noisy physical sys-
tems. This is particularly relevant for mission-critical sys-
tems, where both prediction accuracy and uncertainty quan-
tification are crucial to ensure safe and reliable operation.
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