2610.11567v2 [cs.LG] 9 Oct 2026

arxiv

SERA: Semantic Representation Aggregation for Reliable and
Interpretable Battery Health Forecasting

Jiawei Li
Infocomm Technology Cluster
Singapore Institute of Technology
Singapore
jiawei.li@singaporetech.edu.sg

Zuming Liu
College of Smart Energy
Shanghai Jiao Tong University
Shanghai, China
zmliu@sjtu.edu.cn

Fang Liu
School of Science and Technology
Singapore University of Social Sciences
Singapore
liufang@suss.edu.sg

Man-Fai Ng
Institute of Advanced Intelligence and
Computing (IAIC), Agency for Science,
Technology and Research (A*STAR), 1
Fusionopolis Way, #16—16 Connexis,
Singapore 138632, Republic of Singapore
ngmf@a-star.edu.sg

Wei Zhang"
Infocomm Technology Cluster
Singapore Institute of Technology
Singapore
wei.zhang@singaporetech.edu.sg

Zhi Wei Seh
Institute of Materials Research and
Engineering (IMRE), Agency for Science,
Technology and Research (A*STAR), 2
Fusionopolis Way, Innovis #08-03,
Singapore 138634, Republic of Singapore
sehzw@a-star.edu.sg

Abstract

Battery state of health (SoH) forecasting is important for battery
management, but remains challenging due to nonlinear degradation
and heterogeneity across batteries. Existing data-driven approaches
primarily use temporal models to learn from numerical battery time
series, and higher-level degradation characteristics are often not
explicitly represented. These characteristics, however, can provide
degradation guidance to support reliable forecasting and make
the influence of degradation more interpretable. In this paper, we
propose SERA, a semantic representation aggregation framework
that complements temporal modelling with degradation semantics.
Guided by battery domain expertise, SERA extracts degradation
semantics from time series and constructs two complementary rep-
resentations using rule-based knowledge and LLM-based interpreta-
tion. The representations are independently encoded and integrated
with the representation learned by temporal models through gated
aggregations. Experiments on the mainstream benchmark across
multiple prediction horizons and different temporal models show
that SERA consistently improves forecasting performance, achiev-
ing up to a 37.3% reduction in prediction error over the temporal
baseline and enhanced generalizability. Counterfactual analysis ex-
amines how forecasts respond to changes in degradation semantics
to assess interpretability. The results show that prediction responses
are consistent with the meanings of key degradation descriptors
across tested horizons. Together, these findings demonstrate that
structured degradation semantics and effective aggregation can im-
prove forecasting accuracy and support reliable and interpretable
battery health forecasting for advanced battery management.

“Corresponding author.

Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for components of this work owned by others than the
author(s) must be honored. Abstracting with credit is permitted. To copy otherwise, or
republish, to post on servers or to redistribute to lists, requires prior specific permission
and/or a fee. Request permissions from permissions@acm.org.

Conference’17, Washington, DC, USA

© 2026 Copyright held by the owner/author(s). Publication rights licensed to ACM.
ACM ISBN 978-x-xxxx-xxxx-X/YYYY/MM
https://doi.org/10.1145/nnnnnnn.nnnnnnn

Keywords

Battery health, semantic representation, large language model, rep-
resentation learning, rule-based diagnostics.

ACM Reference Format:

Jiawei Li, Fang Liu, Wei Zhang, Zuming Liu, Man-Fai Ng, and Zhi Wei
Seh. 2026. SERA: Semantic Representation Aggregation for Reliable and
Interpretable Battery Health Forecasting. In . ACM, New York, NY, USA,
8 pages. https://doi.org/10.1145/nnnnnnn.nnnnnnn

1 Introduction

Predictive health management is increasingly important in manu-
facturing and industrial systems, where component health directly
affects operational reliability, maintenance planning, and asset uti-
lization. Batteries exemplify this need because their growing use in
electric vehicles, energy storage, and industrial equipment requires
monitoring and managing performance changes associated with
repeated operation and electrochemical aging. Battery degrada-
tion reduces available capacity and operational efficiency, shortens
service life, and, in severe cases, increases safety risks such as over-
heating and thermal runaway. These concerns make state of health
(SoH), measured as the ratio of a battery’s current capacity to its
initial capacity, an important indicator for characterizing battery
health changes [18, 19]. While SoH estimation characterizes the cur-
rent battery condition, SoH forecasting predicts its future evolution
to inform battery management and lifecycle planning [13].

SoH forecasting is challenging because battery degradation is
nonlinear, heterogeneous, and affected by multiple interacting fac-
tors. Electrochemical aging mechanisms, operating conditions, tem-
perature, and usage patterns can correspond to different degrada-
tion trajectories [5, 17]. The trajectories differ even among batteries
of the same model, limiting generalization of SoH models from
one set of cells to unseen cells [1, 2]. The challenge becomes more
evident when the prediction horizon increases, since the model
must infer future degradation from a fixed amount of observed
history. Besides, practical forecasting requires not only accurate
temporal modelling but also representations that characterize the
underlying degradation state to support reliable predictions across
batteries and interpretable forecasting behavior.
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Existing studies predict battery health using physics based mod-
els, data-driven methods, and hybrid solutions [6, 10]. Deep se-
quential models, such as LSTM and its variants, learn degradation
patterns from historical measurements through temporal modelling
[12], while Transformer based approaches use attention mecha-
nisms to capture both spatial and temporal dependencies [4, 8].
Transfer learning has also been investigated to improve generaliza-
tion under domain shift [3, 20]. However, data-driven models often
do not explicitly represent higher-level degradation characteristics,
such as trend and severity, and possible degradation mechanisms.
This limits the ability of the models to explicitly leverage such char-
acteristics for prediction. As such, other approaches incorporate
battery domain knowledge into SoH models. For example, empirical
observations suggest that SoH generally declines with aging, elec-
trical engineering provides equivalent circuit models to describe
battery behavior, and materials science explains mechanisms such
as lithium inventory loss and electrode degradation [7, 11, 15]. Such
knowledge can be encoded through equations, parameters, or con-
straints, providing additional guidance and a more comprehensive
understanding of battery degradation for SoH prediction.

Although temporal and knowledge-enhanced models have ad-
vanced battery health forecasting, existing methods predominantly
represent degradation information numerically, which may not
explicitly convey higher-level degradation characteristics. Our key
idea is to introduce text-based semantic representations as another
modality for characterizing degradation and enable more explicit
and descriptive expression of degradation knowledge. These repre-
sentations capture degradation trends and change points, severity
and risk, and possible underlying mechanisms. By integrating se-
mantic descriptions with numerical time series, we seek to leverage
the strengths of different representations to improve forecasting
accuracy and reliability and to enhance interpretability.

Based on this idea, we propose SERA, a semantic representation
aggregation framework for reliable and interpretable battery health
forecasting with both temporal and semantic representations. Given
the battery time series data and domain knowledge, SERA constructs
two semantic representations. The rule-based representation pro-
vides consistent degradation interpretation through predefined
rules, and the LLM-based representation interprets relationships
among multiple rules. These representations are encoded separately
from the temporal representation and integrated through gated ag-
gregations, which adaptively control the contribution of each rep-
resentation. The aggregated representation is used to predict future
SoH across multiple prediction horizons. Experiments on a main-
stream benchmark show that SERA improves forecasting accuracy
with up to a 37.3% reduction in mean absolute error (MAE) over the
temporal baseline and improved generalization to unseen batteries.
Counterfactual analysis further shows that prediction responses
are consistent with the meanings of key degradation descriptors,
supporting the interpretability of the forecasting behavior.

The main contributions of this work are threefold. First, we
introduce a structured semantic representation that translates bat-
tery degradation evidence into interpretable knowledge-derived
descriptors and makes such information available to SoH models.
Second, we develop SERA, which integrates rule- and LLM-based
semantic representations with temporal modelling through gated
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aggregation, providing a general framework for adaptively incorpo-
rating semantic and temporal representations. Third, we evaluate
SERA on a real-world dataset across multiple prediction horizons
and temporal encoders, and use counterfactual semantic interven-
tions to assess the consistency between forecast responses and the
meanings of degradation semantics.

The remainder of this paper is organized as follows. Section 2
defines the forecasting problem. Section 3 presents SERA. Section
4 reports the experimental setup, forecasting results, and inter-
pretability analyses. Section 5 concludes the paper.

2 Battery SoH Forecasting Problem Formulation

In this section, we formulate battery health forecasting as a multi-
variate sequence-to-sequence prediction problem and investigate
the forecasting task for a future horizon. For a battery with T ob-
served cycles, each comprising charging and discharging time series,
let x; € RF denote the feature vector extracted from cycle t, where
F is the number of input features. These features include cycle-level
battery measurements and derived health indicators, such as volt-
age, current, temperature, and internal resistance. Given the most
recent L cycles ending at cycle ¢ > L, the historical observation
window is defined as,

Xirete = [Xe—L+1, Xe—L42, - -, X¢e] € RIXF, 1)

where L denotes the observation window length. Let y; denote the
SoH of the battery at cycle t. The forecasting target is the future
SoH trajectory over the next H cycles,

Yertsr = [Yests Yrso - Yesrr] € R 2
The forecasting model therefore learns the mapping,
§’1+1:1+H = f9 (Xt—L+1:t) > (3)

where fy(-) denotes a forecasting model parameterized by 6. The
model predicts the future SoH trajectory as y;+1./+m, which is ex-
pected to closely approximate the ground truth trajectory y41.r+5-

3 SeERrRA Methodology

In this section, we introduce the overall architecture of SERrA, fol-
lowed by semantic representation construction, temporal modelling,
aggregation, and model training.

3.1 Design Overview of SERA

The overall architecture of SERA is illustrated in Fig. 1, following a
four-layer pipeline comprising input, representation, aggregation,
and forecasting. At the input layer, a window of time series provides
battery measurements that are processed through three branches.
The temporal branch learns degradation patterns directly from nu-
merical measurements and provides the baseline for forecasting.
The rule-based branch applies battery domain knowledge to ex-
tracted degradation evidence to construct semantic descriptions of
the battery state. The LLM-based branch interprets the degradation
evidence to generate contextual descriptions within the same se-
mantic schema. The representations from the three branches are
then adaptively aggregated to predict future SoH.

Semantic representation is one of the key contributions of SERA
and is constructed through the rule- and LLM-based branches at
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Figure 1: Overall architecture of SERA. Given a window of bat-
tery time series, semantic features are extracted to construct
rule-based and LLM-based degradation semantics. Temporal
and semantic information is encoded separately and then
aggregated for SoH forecasting.

the representation layer. The rule-based branch constructs deter-
ministic degradation descriptions using predefined rules grounded
in battery domain knowledge. These rules are expected to provide
consistent and useful degradation information to guide SoH fore-
casting. However, they are fixed and not exhaustive, and therefore
offer limited flexibility in capturing diverse battery dynamics. To
address this limitation, the LLM-based branch leverages the lan-
guage understanding capability of LLMs to interpret degradation
evidence more flexibly and provide richer semantic representations.

At the aggregation layer, the temporal, rule-based, and LLM-
based information is independently encoded and integrated through
a gated aggregation. The aggregation design enables SERA to adap-
tively control the contribution of different information sources
rather than combining them deterministically. Finally, the aggre-
gated representation is passed to the forecasting layer, where the
prediction module generates the future SoH trajectory within the
specified prediction horizon. The components of SERA are described
in detail below.

3.2 Structured Semantic Representation

Guided by battery domain knowledge, we select seven semantic
rules to characterize battery degradation, including trend, risk level,
mechanism, severity, change point, key metric, and metric value.
The rule definitions, candidate values, and associated degradation
features are summarized in Table 1. The rules for trend and change
point characterize degradation progression and its changes, while
those for risk level and severity indicate degradation risk and sever-
ity. The mechanism rule describes possible underlying degradation
processes, while key metric and metric value associate the semantic
descriptions with quantitative degradation features. Together, these
rules define the structured semantic representation as,

Z = [Zirends Zrisk» Zmechs Zsevs Zcps Zmetrics Zyalue] - (4)

To assign values to these semantic rules, we preprocess the bat-
tery time series into a feature vector s that captures degradation
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characteristics required for semantic construction. These charac-
teristics are derived from temporal changes and statistical varia-
tions over the observation window. Specifically, we compute the
slope and acceleration ratio of the capacity-based SoH sequence
to characterize degradation progression, together with statistical
summaries of temperature and internal resistance to characterize
operating variability. These derived features provide the quantita-
tive basis for assigning values to the semantic rules. For example,
the SoH slope and acceleration ratio are used to distinguish among
stable, mild_decay, linear_decay, and accelerating_fade for
the trend rule. The resulting s provides a common input to both
semantic construction branches.

The rule-based branch implements the semantic rules using pre-
defined thresholds grounded in domain knowledge. Specifically,
the preprocessed features in s are compared against their corre-
sponding thresholds to determine the candidate values described
above. This threshold-based assignment produces a deterministic
semantic representation for a given feature vector. The mapping is
expressed as,

2% = frue(s), ®)

where fiye(+) applies the same predefined rules across all input
windows. Although this provides consistent semantic guidance,
fixed thresholds may not capture contextual relationships among
features, motivating the LLM-based branch.

The LLM branch interprets the same feature vector s through
a prompt specification P that defines the semantic rules and their
candidate values. The prompt instructs the LLM to consider the
extracted features jointly when assigning values to the semantic
rules, while restricting its output to the common schema, yielding,

2™ = fi (s, P), (6)

where fi,(-) denotes the LLM-based semantic mapping process.
Drawing on knowledge learned from natural language, this branch
provides greater flexibility in capturing contextual relationships
among degradation features than predefined threshold-based map-
pings in Eq. (5). The resulting representation provides complemen-
tary semantic guidance while retaining the same semantic rules
and candidate values as the rule-based branch.

3.3 Representation Encoding and Aggregation

Given the raw battery time series and the rule- and LLM-based
semantic representations, SERA encodes each input along its cor-
responding branch to obtain temporal and semantic embeddings.
These three embeddings are then integrated through gated aggre-
gation for subsequent SoH prediction.

3.3.1 Temporal Encoding. In the first branch, we perform tempo-
ral modelling using an encoder that processes the battery time
series window X € RI*F to obtain a temporal embedding. We use
PatchTST [9] as the temporal encoder in this study. Its patch-based
design groups consecutive observations into local segments, pre-
serving patterns within each patch while reducing the number of
tokens processed by attention compared with using one token per
cycle. Specifically, the input window is divided into M patches of
length P, each projected into a D-dimensional embedding. A learn-
able classification (CLS) token, used here to summarize the input
sequence, is prepended to the patch embeddings, and positional
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Table 1: Structured semantic representation schema for battery degradation. Each semantic component is described by its
candidate values, supporting source features, and degradation meaning.

Rule Candidate Values Source Features Description
Trend stable, mild_decay, SoH slope, SoH acceleration ratio Overall degradation tendency observed within the input win-
linear_decay, dow.

accelerating_fade

Risk Level low, medium, high SoH slope, temperature std. (Tyq), IR Estimated level of degradation risk based on evidence from

std. (or) multiple battery indicators.

Mechanism SEI_growth, SoH slope, o, Tyg, charge time Dominant electrochemical or thermal degradation behaviour
lithium_plating, slope inferred from the observed feature patterns.
cathode_degradation,
thermal_aging,
impedance_rise, mixed,
stable

Severity mild, moderate, severe Magnitude of SoH slope, mean SoH  Strength of the degradation evidence observed within the input

level window.

Change Point yes, no SoH acceleration ratio, SoH acceler-  Indication of a possible transition in the observed degradation

ation flag behaviour.

Key Metric SoH_slope, Tstd, IRstd, CTslp, Selected diagnostic indicator Most informative feature supporting the current degradation
QDslp interpretation.

Metric Value Numerical (R) Corresponding raw feature value Numerical value of the selected diagnostic metric obtained from

the extracted battery features.

information is added to retain their temporal order. The resulting
sequence of size (M + 1) x D is processed by Lep. Transformer
encoder layers. The final CLS token output provides the temporal
embedding as,

h =E{) e R (7)
Note that SERA is not restricted to PatchTST and can accommodate
other temporal encoders to generate temporal embeddings. We
evaluate several alternative architectures in the experiments.

3.3.2 Semantic Representation Encoding. The second and third
branches independently encode the rule- and LLM-based semantic
representations. These representations are generated through differ-
ent methods and provide different interpretations of the degradation
evidence. We use two separate encoders with the same architecture
and independent parameters to retain their distinct information.
In each branch, the structured semantic text is first encoded into a
numerical vector, then processed by an MLP projection, a ReLU acti-
vation, and a final linear mapping to obtain the semantic embedding.
The resulting semantic embeddings are,

h;ye = Linear (ReLU (Proj (Embed (zmle)))) e RP, 8)

hy, = Linear (ReLU (Proj (Embed (zum)))) e RP. 9)

Here, Embed(+) converts the structured semantic representation into
a numerical vector, and Proj(-) denotes the MLP projection with
intermediate dimension dpo; = 64. The final linear mapping pro-
duces semantic embeddings of dimension D, matching the temporal
embedding hy, for subsequent gated aggregation.

3.3.3 Adaptive Gated Aggregation. SERA integrates the temporal
and semantic embeddings through adaptive gated aggregation. The
three embeddings are adaptively weighted and aggregated as,

hagg =gis O hts + Zrule © hrule + 8lim © hllms (10)

where g; € RP is the input-dependent gating vector for embed-
ding hy, with k € {ts, rule, llm}. Each gating vector is computed as
gr = o(Wihy), where Wy € RP*P contains learned parameters
and o(-) denotes the sigmoid function. The operator ® denotes

element-wise multiplication. Each gate assigns a factor between
zero and one to each embedding dimension, allowing the contri-
butions of the three representations to adapt to individual input
windows. Factors approaching zero suppress the corresponding di-
mensions, and factors approaching one retain them. The aggregated
embedding h,gg is subsequently used for SoH prediction.

3.4 SoH Forecasting and Model Training

The aggregated embedding h,g, is passed to an MLP prediction
head to generate the future SoH trajectory over H cycles as,

§7t+l:t+H = WouRelU (Whidhagg + bhid) + bout, (11)

where Wh;q, Wy and their corresponding biases are learnable
parameters, and ;1145 € R¥. The model is trained using a com-
posite objective that combines prediction accuracy with constraints
on the temporal behaviour of the predicted trajectory,

L = Lpase + Amono-Lmono + Asmooth Lsmooth (12)

where Ayono and Agmooth control the contributions of the two penalty
terms. The base term uses a horizon-weighted SmoothL1 (Huber)
loss that assigns larger weight to predictions farther into the future,
reflecting the increasing difficulty of longer-horizon forecasting.

B H L\ a
1 N J
Lhase = BH ; ; wj SmoothL14(Ji 5, yij), wj = (ﬁ) , (13)
where B is the batch size, f is the transition threshold of the
SmoothL1 loss, and & > 0 controls the weighting across the predic-
tion horizon. Larger weights are assigned to later prediction steps,
which encourages the model to maintain forecasting accuracy as
the prediction distance increases. Since battery SoH generally de-
clines with aging, a monotonicity penalty discourages increases
between consecutive predictions, and we have,
1 B H-1

Limono = m ; ; max (0, Yi,j+1 — yi,j) . (14)
Electrochemical aging accumulates slowly over multiple cycles, so
that battery SoH typically changes gradually. A smoothness penalty
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discourages large changes between consecutive predictions with,
B H-1

1 o o
Lsmooth = m ; ]Z:; |yi,j+1 - yi,j| . (15)

Together, these loss terms encourage accurate forecasts with mono-
tonically and gradually decreasing SoH trajectories.

4 Experiments

This section evaluates the forecasting performance of SEra. We
first describe the experimental setup, followed by the main results
and further analyses.

4.1 Experimental Setup

We describe the dataset and sample construction, implementation
settings of SERA, and comparison variants.

4.1.1 Dataset and Forecasting Sample Construction. We evaluate
SERA on the MIT Battery Degradation Dataset [14], which contains
124 commercial LFP/graphite cells cycled to end-of-life under fast
charging conditions at 30°C. The tested cells are A123 Systems
APR18650M1A cells with a nominal capacity of 1.1 Ah and a nomi-
nal voltage of 3.3 V. The dataset provides cycle-level measurements
of capacity, voltage, current, temperature, and internal resistance
throughout the battery degradation process.

The batteries are divided by cell identity into 70%, 15%, and 15%
for training, validation, and testing, respectively, ensuring that no
cell appears in more than one set. Forecasting samples are generated
from each battery trajectory using sliding windows. For a battery
trajectory of length T, a valid sample requires both an L-cycle
observation window and its subsequent H-cycle forecasting target.
The i-th sample is constructed as,

W; = (Xi:i+L—1,Yi+L:i+L+H—1) > (16)

where i = 14+kw for nonnegative integers k satisfies i < T-L-H+1,
and w is the sliding stride. We set w = 1, advancing the window
by one cycle and producing N = T — L — H + 1 samples for each
battery with T > L + H. For example, with L = 30 and H = 90, the
first sample uses cycles 1-30 to predict cycles 31-120.

We fix the look-back length at L = 30 cycles and evaluate pre-
diction horizons H € {30, 50, 70, 90}, keeping the observed history
unchanged. The relative forecasting distance is characterized by
the forecast-to-observation ratio,

H

The four forecasting settings correspond to p € {1.0,1.67, 2.33,3.0}.
Increasing p extends the forecast farther beyond the observation
window, allowing us to assess forecasting robustness across predic-
tion distances under a fixed history length.

4.1.2  SErA Configurations. For the temporal branch, PatchTST is
used with patch length P = 5 and representation dimension D = 128.
The Transformer module of PatchTST L, contains three encoder
layers with four attention heads. For the semantic branches, the
rule- and LLM-based representations use separate encoders with
the same schema, where the intermediate projection dimension
dproj is set to 64. The resulting semantic embeddings are mapped
to the same dimension D before adaptive gated aggregation. All
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Table 2: Comparison of forecasting performance in terms
of test MAE and RMSE across different prediction horizons.
Lower values indicate better performance, with the best re-
sults highlighted in bold. All values are x1073.

H =30 H =50 H=170 H =9
Model MAE RMSE MAE RMSE MAE RMSE MAE RMSE
TS 1556 2309 2317 2942 3.043 3.818 3.565 4.727

Rule only 11.384 12904 12.064 13.578 10.962 12.174 11.641 13.172
LLM only 12.157 14.225 12.806 14.755 11.526 13.296 12.150 14.515

TS + Rule 0912 1369 1883 2463 2350 3.135 2593  3.349
TS + LLM 1408  2.036  2.108  2.744 2522 3.202 2946  3.869

SERA (ours) 1.015 1.323 1.688 2.122 2.142 2.851 2.234 2971

models are trained using Adam with a learning rate of 1072 and a
batch size of 32. Training is performed for up to 80 epochs with
gradient clipping at 1.0 and early stopping based on the validation
loss with a patience of 10 epochs. For the training objective, the
horizon weighting parameter is set to a = 1.0, while Apono = 0.1
and Agmooth = 0.05. The SmoothL1 threshold f is set to 0.01. The
same training configuration is used across all prediction horizons
for consistent evaluation.

4.1.3 Comparison Models. We compare SERA with several com-
parison models to evaluate the contribution of different semantic
sources. TS uses only the time series or temporal representation
and serves as the forecasting baseline. TS + Rule augments the tem-
poral representation with rule-based semantics, while TS + LLM
incorporates LLM-based semantics. SERA represents the complete
model, which aggregates both rule- and LLM-based semantic repre-
sentations with the temporal representation. We also include Rule
only and LLM only to examine whether semantic representations
can support forecasting without temporal information. All variants
use the same input features, data partitions, and training settings
for consistent comparison.

To examine whether the proposed semantic representation and
aggregation approach depends on a particular temporal model, we
further evaluate SERA with PatchTST, a standard Transformer (TFM)
[16], and LSTM as the temporal encoders. Forecasting performance
is measured using MAE and root mean squared error (RMSE). A
single NVIDIA RTX 4090 GPU is used.

4.2 Forecasting Performance Analysis

We report the experimental results and evaluate the forecasting
performance of SEra under the following settings.

4.2.1 Overall Forecasting Performance. We first evaluate whether
incorporating structured degradation semantics improves SoH fore-
casting beyond the temporal representation alone. Table 2 presents
the results of SERA, the temporal baseline, and different semantic
configurations across four prediction horizons, using PatchTST
as the temporal encoder. Overall, SERA achieves the lowest RMSE
at all tested horizons and the lowest MAE for long horizons with
H € {50,70,90}. Compared with baseline TS, SERA reduces MAE
from 1.6 to 1.0, 2.3 to 1.7, 3.0 to 2.1, and 3.6 to 2.2 (all x1073) at
H = 30, 50, 70, and 90, respectively. These results indicate that
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Figure 2: Semantic contribution and generalization analysis
across prediction horizons. Fig. 2a: reduction in test MAE rel-
ative to the TS baseline. Fig. 2b: generalization gap, measured
as the difference between test and training MAE.

structured degradation semantics complement the temporal repre-
sentation with explicit text-based degradation information, helping
the model better capture the evolving battery state and produce
more accurate SoH predictions. An exception occurs at H = 30,
where TS + Rule achieves the lowest MAE of 0.9 x 1073, compared
with 1.0 x 1073 for SERA. One possible explanation is that the tem-
poral and rule-based representations already capture the dominant
degradation information needed for shorter prediction horizon,
while the additional LLM representation affects the efficiency of
the forecasting module. As the prediction horizon increases, the
comprehensive information provided by both semantic sources
becomes more useful, and SEraA achieves the best MAE and RMSE.

The results also clarify the role of semantic information. Both
TS + Rule and TS + LLM generally improve upon TS, showing
that each semantic source provides useful degradation guidance. In
contrast, Rule only and LLM only produce MAE values from 0.011
to 0.014, substantially higher than the models that utilize temporal
information. This implies that semantic descriptors alone do not
retain sufficient information about the absolute SoH level and data-
centric trajectory dynamics. They therefore serve more effectively
as complementary guidance to the temporal representation than as
standalone predictors.

4.2.2  Semantic Contribution and Generalization. We further exam-
ine the contribution of semantic information to forecasting and
the model’s generalization to unseen batteries. Fig. 2a reports the
percentage reduction in test MAE relative to the TS baseline, calcu-
lated as R = (MAE1s —MAEyariant)/MAETs X100%. A larger positive
value indicates a greater relative improvement over TS. Aligned
with the results in Table 2, the contribution of semantic information
varies with the prediction horizon. At the short horizon H = 30, TS
+ Rule achieves the largest MAE reduction of 41.4%, compared with
34.8% for SERA, suggesting that rule-based semantics already pro-
vide effective guidance for short term forecasting. For the relative
longer horizons H € {50,70,90}, SERA consistently outperforms
both individual semantic configurations, and its MAE reduction
increases from 27.1% to 29.6% and then to 37.3%. Its advantage over
TS + Rule is 8.4%, 6.8%, and 10.1% across these horizons, respectively.

J. Lietal.

Table 3: Comparison of test MAE across temporal encoders
at H = 30 and H = 90. Lower values are better, and the best
results are highlighted in bold. All values are x107°.

Model LSTM TFM PatchTST
H=30 H=9 H=30 H=90 H=30 H=9%
TS 1.394 3.578 1.599 3.421 1.556 3.565
TS + Rule 1.505 3.097 1.375 2.708 0.912 2.593
TS + LLM 1.535 3.336 2.013 3.246 1.408 2.946

SERA (ours) 1.229 3.098 1.350 2.636 1.015 2.234

These results suggest that combining rule- and LLM-based seman-
tics and temporal representation becomes increasingly beneficial
as the prediction horizon extends.

Fig. 2b provides a different view through the gap between test and
training MAE. A gap near zero suggests generalized performance
on training and unseen batteries and a positive gap may indicate
overfitting. The TS baseline shows a larger gap as H increases,
reaching 1.7 X 1073 at H = 90, whereas SERA maintains a relatively
small gap across all horizons. A possible reason is that structured
semantics capture degradation characteristics shared across batter-
ies, reducing the model’s dependence on battery specific temporal
patterns. The results suggest that semantic information supports
both forecasting accuracy and generalization to unseen batteries.

4.2.3 Temporal Encoder Sensitivity. We further examine the impact
of temporal encoder choice. Table 3 compares the TS baselines and
corresponding comparison models using LSTM, TFM, and PatchTST
as the temporal encoder at H = 30 and H = 90. Although incor-
porating semantic representations improves forecasting across all
three temporal encoders, the gains vary with the temporal encoder
and prediction horizon. With LSTM as the temporal encoder, SERA
achieves the lowest MAE at H = 30 and performs nearly identically
to TS + Rule at H = 90. With TFM, SEraA achieves the lowest MAE at
both horizons. A similar benefit is observed with PatchTST, where
SERA reduces the MAE from 3.6 x 1073 for TS to 2.2x 1073 at H = 90.
These results suggest that the benefit of semantic representations
is not specific to a particular temporal encoder and that semantic
information can be effectively aggregated with different temporal
representations. Meanwhile, the overall forecasting performance
also varies across temporal encoders, with SErA generally achieving
better performance with PatchTST than with LSTM and TFM. The
varying gains further indicate that the effectiveness of semantic
information depends partly on the temporal representations with
which it is aggregated.

4.2.4 Case Study. To complement the aggregate forecasting re-
sults, Fig. 3 illustrates the full SoH trajectories of two representative
batteries with short and long lifespans. The trajectories provide
a detailed view of prediction behavior across degradation stages
that is not reflected by aggregate error metrics. In both cases, SERA
remains close to the ground truth SoH during gradual degradation
and accelerated decline stages. Specifically, for the short-lifespan
case in Fig. 3a, the trajectories predicted by different SoH models
remain close during the early cycles. However, after approximately
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Figure 3: Qualitative comparison of SoH trajectories for repre-
sentative short- (Fig. 3a) and long-lifespan (Fig. 3b) batteries.
The results compare the ground truth trajectories with pre-
dictions from the temporal baseline, semantic variants, and
models with temporal and semantic representations.

300 cycles, TS gradually deviates from the ground truth and increas-
ingly overestimates SoH, while SErA follows the accelerated decline
more closely. For the long-lifespan battery in Fig. 3b, the main differ-
ence occurs between approximately 800 and 1,600 cycles, where TS
underestimates SoH while SERA better captures the gradual decline.
These patterns illustrate how incorporating degradation semantics
can help the model capture different degradation behaviors across
battery life stages. As also shown in the figures, the Rules and LLM
curves fall below the ground truth during the middle stage in Fig.
3a, while exhibiting larger fluctuations and a later transition to
accelerated degradation in Fig. 3b. These deviations suggest that
semantic descriptors alone do not fully capture the numerical SoH
trajectory, supporting their use to guide rather than replace the
temporal representation in SERA.

4.3 Interpretability Analysis

Beyond forecasting accuracy, it is important to interpret the influ-
ence of structured semantic representations on the predictions of
SERA and we perform counterfactual semantic analysis.

4.3.1 Counterfactual Semantic Analysis. Counterfactual analysis
examines whether changes in the semantic representation lead
to expected changes in the forecast while the observed time se-
ries remains unchanged. This allows us to isolate the influence
of semantic information from that of the temporal input and as-
sess whether SERA uses the semantic descriptors consistently with
their degradation meaning. Given an input window X and its rule-
and LLM-based semantic representations z"'¢
prediction is,

and z"™, the original

}A, — f(X, Zrule’ lem). (18)
We then modify one or multiple rules in both semantic represen-
tations while keeping X fixed, producing counterfactual represen-
tations z™¢" and z™. Applying the same intervention to both
representations maintains a consistent hypothetical degradation
state. The intervention changes the corresponding prediction to,

}A’/ — f(X, Zrule', lem'). (19)
Here, the intervention effect at prediction step ¢’ is measured by,

A[/ =g;+tr _gt+t'» t’ S {1,,H} (20)
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A positive value indicates an increase in predicted SoH after the
intervention, and a negative value indicates a decrease. For exam-
ple, changing the value of the Trend rule from stable in z™"!® and
2™ to accelerating_fade in z™¢ and 2™ is expected to lower
predicted SoH, as battery degradation typically accelerates near
the battery’s end of life with low SoH. If the predicted y” with such
intervention decreases relative to the predicted y without interven-
tion, the response agrees with the expectation based on battery
domain knowledge. We call this agreement semantic consistency
and use it to interpret the alignment of the model’s response with
the rule’s degradation meaning.

We evaluate 11 interventions covering individual semantic fields,
degradation slope, and coherent optimistic or pessimistic combina-
tions. For each prediction horizon, each intervention is evaluated
over nes = 200 randomly sampled counterfactual test windows. We
report semantic consistency as the percentage of windows whose
predictions change in the expected direction. We also report the
mean prediction shift at the final cycle of the horizon as,

Ag=— ) AL, (21)
Nef 4

i=1

where AL is the SoH shift for the i-th sampled window. The sign of
Ap shows the average SoH response direction, while | Ay | measures
the magnitude of the intervention effect.

4.3.2  Semantic Consistency. Table 4 reports the semantic consis-
tency and final-cycle shift in predicted SoH for each intervention.
We first consider the optimistic bundle intervention, which jointly
modifies multiple semantic rules toward a healthier degradation
state, including a stable trend, low risk, a stable mechanism, and a
mild SoH decline. Conversely, the pessimistic bundle intervention
modifies these rules toward a worsening degradation state, includ-
ing an accelerating trend, high risk, Li plating, and a steep SoH
decline. These bundled interventions assess whether the resulting
prediction changes align with the intended degradation semantics.
The optimistic intervention increases predicted SoH and achieves
69.0-90.5% semantic consistency across the prediction horizons,
while the pessimistic intervention decreases predicted SoH and
achieves 100% consistency. Both interventions generally shift SoH
predictions in the expected direction based on domain knowledge,
with stronger consistency observed for the pessimistic bundle. One
possible explanation is that worsening degradation semantics are
more compatible with the degradation trajectory already reflected
in the observed time series, whereas imposing healthier rules may
partially conflict with this temporal evidence.

To distinguish the contributions of individual rules within the
bundles, we next examine interventions that modify one semantic
rule at a time. Among the individual interventions, Slope — Steep
has the largest effect on the predicted SoH and achieves 100% seman-
tic consistency across all horizons. It also yields negative Ag values,
indicating lower predicted SoH when the slope is intervened toward
steeper degradation. The mean SoH decrease grows from 6.9% at
H =30 to 25.5% at H = 90, indicating a stronger effect at longer
prediction horizons as degradation effects accumulate over time.
Trend — Accelerating also achieves high semantic consistency of
87.0-100.0%, but produces smaller SoH decreases of 0.25-1.23% only.
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Table 4: Counterfactual analysis of different semantic in-
terventions. Higher semantic consistency (%) indicates that
more predictions change in the expected direction after inter-
ventions. Positive (negative) Ay values indicate an increase
(decrease) in predicted SoH, with larger absolute values indi-
cating stronger effects. Ay values are in units of 1073,

H =30 H =50 H=70 H=90
Semantic Edit % An % An % Ax % An
Optimistic Bundle ~ 90.5 +58 69.0 +75 865 +129 705 +11.9

Pessimistic Bundle 100.0 —71.3 100.0 —116.8 100.0 —146.1 100.0 —251.3

Slope — Mild 755 456 845 +75 820 +13.2 71.0 +121
Slope — Steep 100.0 —68.9 100.0 —129.7 100.0 —142.3 100.0 —255.1
Trend — Stable 785 409 930 +22 910 +42 61.0 +7.7
Trend — Accel. 87.0 —-25 945 -39 875 —56 1000 -—12.3
Mech. — Stable 86.0 +1.0 640 —02 445 -28 265 -3.0
Mech. — SEI 935 -—-11 320 +0.0 225 +06 835 —-25
Mech. — LiPlating 995 -3.8 51.0 +1.6 995 =92 990 -134
Risk — Low 505 -13 395 -—-14 8.5 +44 665 +3.1
Risk — High 190 +26 345 -01 585 +02 370 —03

These results indicate that, under the tested settings, the quantita-
tive slope intervention has a stronger influence on the prediction
than the categorical trend intervention. We also test mechanism
interventions. For example, Mechanism — Li Plating produces neg-
ative Ay values and high semantic consistency in most cases, as
Li plating represents a detrimental degradation mechanism asso-
ciated with accelerated capacity loss. For risk interventions, Risk
— High achieves only 19.0-58.5% semantic consistency and pro-
duces relatively small Ay values, suggesting that its influence may
depend more strongly on the battery state encoded in the temporal
representation. Overall, the counterfactual analysis demonstrates
that the learned semantic information meaningfully influences the
SoH forecast and provides an interpretable characterization of the
effects of different degradation semantics on the predictions.

5 Conclusion

This paper presents SERA, a framework for battery SoH forecasting
that integrates structured text-based degradation semantics derived
from battery domain knowledge with numerical battery time series.
SERA employs a three-branch architecture that independently learns
a temporal representation and rule- and LLM-based semantic rep-
resentations, which are fused through adaptive gated aggregation
for SoH forecasting. Compared with the temporal baseline, SERA
reduces SoH forecasting errors by up to 37.3% and improves gen-
eralization to unseen batteries. SERA also achieves consistent fore-
casting gains across different temporal encoders. Counterfactual
semantic analysis provides insight into the influence of degradation
semantics by examining the direction and magnitude of prediction
changes under controlled interventions. The results show more
consistent responses to semantic rules that directly characterize
degradation progression. Overall, SERA improves SoH forecasting
accuracy and interpretability by incorporating explicit degradation
knowledge and semantics into temporal modelling effectively.
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