batteries

Article

Retrieval-Augmented Degradation Priors for Data-Efficient Early
Lithium-Ion Battery Lifetime Prediction

Yuelin Zou **, Yajun Zhang 3 and Ke Lv *

W) Check for updates

Received: 3 June 2026

Revised: 16 July 2026

Accepted: 26 July 2026

Published: 4 August 2026

Copyright: © 2026 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons

Attribution (CC BY) license.

School of Computer Science and Technology, Xinjiang University, Urumgqi 830046, China

State Grid Xinjiang Electric Power Co., Ltd., Information and Communication Company,
Urumgqi 830046, China

School of Software Engineering, Xinjiang University, Urumqi 830091, China

School of Engineering Science, University of Chinese Academy of Sciences, Beijing 100049, China
*  Correspondence: zouyuelin@stu.xju.edu.cn

Abstract

Early lithium-ion battery lifetime prediction is difficult because only a small fraction
of a cell’s lifetime is observed when a prediction is needed. We evaluate a transpar-
ent, validation-tuned combination of a supervised early-cycle predictor and a nearest-
neighbor retrieval estimate built from similar historical cells. The method is assessed
against supervised-only and retrieval-only baselines over 20 repeated cell-wise splits.
On the Severson/Toyota Research Institute/Massachusetts Institute of Technology (Sever-
son/TRI/MIT) dataset (124 lithium iron phosphate/graphite cells), fusion reduces the mean
absolute error (MAE) of end-of-life (EOL) prediction by 10.08 cycles at 10 observed cycles
and 11.90 cycles at 20 observed cycles relative to the validation-selected supervised baseline;
the confidence intervals for these gains exclude zero, whereas gains at 50 and 100 cycles
are unsupported. Retrieval-only prediction is competitive in the shortest windows. In a
targeted 40-split external confirmation on BatteryLife-XJTU (Xi’an Jiaotong University) at
50 observed cycles, fusion reduces mean MAE from 34.11 to 28.02 cycles (paired bootstrap
95% confidence interval for the gain: 0.47-11.41 cycles; one-sided Wilcoxon p = 0.007).
The results support retrieval as an interpretable complement to supervised prediction in
compatible weak-signal regimes, not as a universal replacement for supervised models.

Keywords: lithium-ion batteries; battery lifetime prediction; state of health; remaining
useful life; retrieval-augmented forecasting; in-context learning; data-efficient learning;
time-series forecasting

1. Introduction

Battery lifetime prediction has greatest practical value before a cell has visibly aged.
Fast-charging protocol screening, manufacturing triage, warranty planning, and second-life
selection all require early rankings, yet the end-of-life (EOL) labels used to train and validate
such rankings are available only after long cycling experiments [1]. In the Severson/Toyota
Research Institute /Massachusetts Institute of Technology (TRI/MIT) dataset, commercial
lithium iron phosphate/graphite cells reach EOL after roughly hundreds to more than two
thousand cycles [2]. A prediction after 10, 20, or 50 cycles is therefore made from only a
small fraction of the cell’s observable lifetime.

Early cycle-life prediction has often relied on a single-cell mapping from early features
to lifetime, without reference to any other battery’s degradation history. Severson et al.
showed that early-life information can predict lifetime before obvious capacity fade occurs,
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particularly when voltage-curve and discharge-capacity features are constructed care-
fully [2]. Gaussian process regression has been used for uncertainty-aware SOH forecasting,
where calibrated predictive uncertainty can support maintenance and decision-making [3],
and tree ensembles including random forests, XGBoost, and LightGBM capture nonlinear
interactions among early-cycle features without requiring large neural architectures [4-6].
These methods are transparent and compatible with modest data, but they carry no prior
beyond what is encoded in the target cell’s own early trajectory. When only a handful of
fully aged support cells is available, or when the target cell has changed little over the first
tens of cycles, the fitted mapping from early features to EOL can be unstable.

Recurrent neural networks and related architectures have been widely applied to bat-
tery SOH and RUL estimation [7-9], while particle filters, Bayesian updating, and hybrid
empirical formulations infer RUL by propagating uncertainty through a single cell’s partial
degradation history [10-12]. Physics-informed and model-driven approaches increasingly
combine electrochemical or degradation constraints with data-driven SOH estimation,
including across temperatures and operating conditions [13-16]. Attention-based RUL pre-
diction, sequence-to-sequence forecasting, random-forest variants, autoregressive models
with exogenous variables, hybrid decomposition networks, and patch-based Transformer
architectures provide further model classes [17-28]. These approaches can introduce useful
physical structure or model capacity, but early-window prediction remains limited by the
amount and type of cell-specific evidence available for the target task.

A third strand does draw on other cells, but folds that information into learned
parameters rather than exposing it as retrievable evidence. BatLiNet performs inter-cell
learning across aging conditions, and BatteryLife aggregates multiple battery-life datasets
to benchmark modern time-series methods across formats, chemistries, temperatures, and
protocols [29,30]; battery-specific time-series foundation models and language-model-based
health forecasting extend the same movement from handcrafted features toward general,
pretrained sequence representations [31,32]. In these methods, cross-cell knowledge is
compressed into weights during training, so a prediction cannot be traced back to the
specific historical cells that support it. Review articles now document a broad SOH/RUL
literature spanning all three strands, which makes it increasingly important for new studies
to state the model family, data regime, forecast horizon, and prediction target under
evaluation [8,33].

Pretrained time-series models add a useful but incomplete capability. Chronos tok-
enizes time series and learns a general forecasting model from large collections of temporal
data [34]; TimesFM uses a decoder-only foundation-model design for zero-shot time-series
forecasting [35]. Both can forecast local capacity evolution without retraining on each
battery dataset, but their prior comes from time series in general rather than from bat-
tery degradation in particular, and EOL prediction is a threshold-crossing problem over
a horizon that may extend hundreds of cycles beyond the observed prefix. For long-life
cells, the 80% SOH threshold often lies outside the fixed forecast horizon, and the same
limitation applies to the battery-specific Transformer and foundation-model studies above:
improved trajectory or SOH forecasting still requires additional assumptions before it
becomes long-horizon EOL inference [24-26,31,32].

This study is not presented as a new deep-learning or Bayesian algorithm. It evaluates
whether a conventional nearest-neighbor analogue estimate, made explicit at prediction
time, can add useful historical-cell information to a validation-selected supervised predictor
in the first tens of cycles. The terminology “retrieval-based degradation prior” refers to this
operational role: retrieved cells provide an empirical distribution of later trajectories and
EOL values conditional on early-shape similarity. It does not imply a formal Bayesian prior
or an in-context foundation model.
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The central hypothesis in this paper is that similar historical cells can serve as an
explicit degradation prior when the query cell’s early trajectory is only weakly informative.
We refer to this component as a retrieval-augmented degradation prior. A query cell
is represented by early capacity shape and simple degradation statistics; support cells
with similar representations form the local context, and their downstream lifetimes and
future trajectories define a non-parametric prior over plausible degradation paths. The
context is therefore not an abstract latent state but a retrieved set of real cells with observed
aging histories.

HybridSupervisedRetrieval combines this prior with a supervised early-life predictor,
and the two components earn their place for different reasons: the supervised model
captures dataset-specific feature-to-lifetime relationships that retrieval alone cannot learn,
while retrieval contributes full-horizon degradation experience from historical analogs
that no amount of early-cycle feature engineering can supply. Validation-tuned fusion
determines the relative weight of the two sources. For a target cell 7, the final prediction is

9i = ag; P+ (1—a)gi, )

where ;7?“1” is produced by a candidate supervised model, §*" is produced by a candidate
retrieval configuration over similar support cells, and « is selected on a validation set.
The hybrid search evaluates the supervised learner, retrieval configuration, and fusion
weight jointly by validation mean absolute error (MAE). Table 1 reports the independently
selected supervised baseline, whereas the later hybrid comparison reports the selected
fused predictor; « is interpreted as the selected mixture weight rather than as evidence that
either information source dominates across all splits.
The analysis workflow is summarized in Figure 1.
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Figure 1. Overview of the proposed retrieval-augmented early battery lifetime prediction framework.
The target cell’s early capacity window is used both by a supervised predictor and by a retrieval
module that identifies similar support cells. Retrieved support cells provide a degradation prior,
while validation-tuned fusion combines supervised and retrieval-based evidence to produce the final
end-of-life (EOL) prediction.

The contributions of this work are as follows:

*  We formulate early lithium-ion battery lifetime prediction as a data-efficient prior-
integration problem in which the first 10-100 cycles are used to predict full EOL.
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*  We evaluate retrieval-augmented degradation priors through retrieval-only prediction,
supervised prediction, and validation-tuned supervised-retrieval fusion.

*  We benchmark Ridge regression, random forests, ExtraTrees, SVR, XGBoost, Light-
GBM, naive extrapolation, Chronos-Bolt zero-shot forecasting, repeated-split retrieval-
only prediction, and the proposed hybrid method on a processed Severson/TRI/MIT
table with 124 cells and 100,460 cycle records.

e  We quantify robustness over 20 repeated cell-wise splits, showing that the fused
predictor provides its clearest MAE reduction over the supervised baseline at 10 and
20 observed cycles, while longer windows show weaker or unsupported gains.

*  We conduct a compatibility-filtered external screen using BatteryLife-SNL, BatteryLife-
HUST, BatteryLife-XJTU, and BatteryLife-CALB to identify datasets and windows
where explicit retrieval priors or fusion provide additional evidence.

Table 1. Validation-selected supervised end-of-life (EOL) prediction baseline over 20 repeated cell-
wise splits. The selected supervised model is chosen separately within each split by validation mean
absolute error (MAE).

Observed Cycles MAE (Cycles) RMSE (Cycles) Spearman
10 170.69 £ 51.91 279.62 0.68
20 183.82 £ 48.64 296.65 0.68
50 181.43 £ 56.87 293.61 0.68
100 172.40 +41.74 27411 0.72

2. Materials and Methods
2.1. Task Definition

Let Q;(t) denote the discharge capacity of cell i at cycle t. Normalized capacity is used
as state of health (SOH):
_ Qi)
- Q1)
The end-of-life cycle is the first cycle at which normalized capacity falls below the
80% threshold:

SOH; (1) 2)

EOL; = min{t : SOH;(t) < 0.8}. (3)

The main task is early EOL regression. Given only the first N cycles,

XiN = [SOHl(l),,SOHl(N)], (4)

the model predicts EOL;. We evaluate N € {10,20,50,100} to cover four early-use regimes:
near-immediate screening after formation-like cycling, short early-life assessment, mid-
early protocol evaluation, and a longer but still incomplete observation window. Here,
“early aging” denotes the observed prefix used for prediction; it does not denote a dis-
tinct aging mechanism or a replacement for conventional SOH/RUL prediction. We
also evaluate fixed-horizon capacity trajectory forecasting, in which the model predicts
SOH;(N + 1 : N + H). Trajectory forecasting tests near-future capacity prediction, whereas
EOL regression tests long-range threshold-crossing inference from a limited prefix.

2.2. Datasets, Cleaning, and Experimental Splits

The primary dataset is the public Severson/TRI/MIT battery cycle-life dataset [2],
which contains commercial lithium iron phosphate/graphite cells cycled under fast-
charging conditions. We processed the three MATLAB-format source files batches fol-
lowing the cleaning logic of the public Braatz group loader. The procedure removes known
abnormal cells, corrects cells continued across batches, filters invalid zero-capacity obser-
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vations, and reconstructs valid cycle indices. The processed table contains 124 cells and
100,460 cycle-level records with cell identifier, cycle number, raw cycle, discharge capacity,
normalized capacity, charge capacity, internal resistance, temperature, protocol metadata,
source batch, and EOL cycle.

All preprocessing for the main Severson experiments is completed before feature
construction. Model selection and fusion-weight selection are then performed only within
the training portion of each split. Splits are cell-wise, so every cycle from a held-out test cell
is excluded from model fitting, validation, retrieval support construction, standardization
fitting, hyperparameter selection, and fusion-weight selection. Training cells are divided
into a fit subset and a validation subset. The fit subset trains candidate supervised models
and constructs candidate retrieval support sets; the validation subset selects the supervised
model, retrieval feature set, neighbor count, aggregation rule, target transform, and fusion
weight. Held-out test cells are used only for final evaluation. Because all methods use
the same processed cell table, performance differences reflect model behavior rather than
different cleaning rules.

To estimate split sensitivity, the main supervised, retrieval-only, and hybrid compar-
isons are repeated over 20 random cell-wise fit/validation/test splits. Each split contains
86 fit cells, 19 validation cells, and 19 test cells. For each early window and split, the
supervised baseline is selected by validation MAE from the candidate supervised models.
The retrieval-only baseline is selected by validation MAE from candidate retrieval con-
figurations and then evaluated on the held-out test cells using the fit and validation cells
as support. The hybrid configuration is selected independently by validation MAE over
candidate supervised learners, retrieval configurations, and fusion weights. The selected
supervised and hybrid predictors are then evaluated on the same held-out test cells, allow-
ing paired split-level comparison of MAE. We report mean and standard deviation over the
20 splits, median split-level MAE gain, bootstrap 95% confidence intervals for the split-level
MAE gain, and a one-sided Wilcoxon signed-rank test on the split-level MAE gains.

An external sanity check uses data from a previous GPDM-related battery degradation
project, containing NASA and Oxford cells [36,37]. The external set includes 12 cells
and 1700 cycle-level records. Differences in protocol, sampling, chemistry, and lifetime
definition make this set a domain-shift sanity check rather than evidence of solved cross-
dataset generalization. A small external set can reveal method collapse under protocol
shift, but it cannot establish universal cross-dataset robustness or a definitive ranking
among methods.

The primary dataset and available early observation windows are summarized in
Figure 2.

We additionally perform a compatibility-filtered external screen using processed
BatteryLife datasets [30]. BatteryLife-SNL, BatteryLife-HUST, BatteryLife-X]JTU, and
BatteryLife-CALB are converted to the same long-format capacity table used by the primary
experiments. The screen includes datasets with at least 20 cells and enough complete early-
cycle observations for the selected window. For each dataset and window, we evaluate four
candidate families under repeated cell-wise splits: validation-selected supervised predic-
tion, validation-selected retrieval-only prediction, validation-tuned supervised-retrieval
fusion, and a validation-selected selector that chooses among the three families by valida-
tion MAE. Initial screens use 20 splits; the SNL 50-cycle and XJTU 20/50-cycle signals are
independently extended to 40 non-overlapping splits and assessed with paired bootstrap
confidence intervals and one-sided Wilcoxon tests. The external screen is used to identify
compatible regimes where the retrieval prior is informative; it is not interpreted as a claim
of uniform cross-dataset dominance.
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Severson/TRI/MIT capacity trajectories and early observation windows
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Figure 2. Severson/TRI/MIT capacity trajectories, EOL distribution, source batches, and early obser-
vation windows: (A) capacity trajectories with early observation windows and the EOL threshold;
(B) distribution of EOL values; (C) numbers of cells by source batch; and (D) usable early-window
coverage. The main experiments use only the first 10, 20, 50, or 100 cycles of each test cell as input,
while EOL is defined by the later 80% SOH threshold crossing.

2.3. Supervised Early-Life Predictors

For each early window, features are constructed from the normalized capacity se-
quence. The feature set contains the raw early capacity values, mean, standard deviation,
minimum, maximum, last value, first-to-last change, linear slope, quadratic trend co-
efficient, area under the early capacity curve, first-half versus second-half change, and
first-difference statistics. We deliberately use capacity-only predictors for the cross-dataset
comparison because capacity is available in all harmonized public tables. The processed
Severson table also contains internal resistance, temperature, protocol metadata, and source
batch, but voltage-derived and differential-capacity features are not harmonized across the
external datasets and are therefore outside the present comparison. This design assesses
the added value of historical-cell retrieval under a portable input definition; it is not a claim
that capacity-only features are the strongest possible battery-lifetime feature set.

We compare Ridge regression, k-nearest neighbors, random forest, ExtraTrees, gradient
boosting, support vector regression (SVR), XGBoost, and LightGBM [4-6]. The set covers
regularized linear regression, local non-parametric regression, bagged tree ensembles,
boosted tree ensembles, and kernel regression, which are common regimes for small and
medium battery-health datasets. In the repeated-split comparison, the supervised baseline
is selected by validation MAE separately within each split and early window.

2.4. Retrieval-Based Degradation Prior

The context component is a non-parametric retrieval model. The target cell is treated
as a query, and fit cells serve as support examples. Validation cells are used only to choose
configurations; test cells never enter the support database. For a target cell i, a retrieval
feature vector z;  is constructed from early capacity shape and degradation statistics.
Standardization parameters are fitted on the corresponding fit support set and then applied
to validation or test queries. Euclidean distances are computed after standardization:

d(i,j) = ||standardize(z; y) — standardize(z; v ) H2 )
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The nearest k support cells define the local context set N (7). Retrieval EOL prediction
is a distance-weighted aggregation of support-cell EOL labels:

glret = Z w,']*EOL]', Z ZUZ']' =1. (6)
JENK(D) JENK ()

The retrieval estimate is thus a validation-selected nearest-neighbor analogue model:
query encoding, nearest-neighbor context selection, and distance-weighted label ag-
gregation. We evaluate five prespecified retrieval configurations covering feature sets,
3-15 neighbors, mean/median/trimmed aggregation, temperature-scaled distance weight-
ing, and optional log-target prediction. For trajectory forecasting, retrieved support trajecto-
ries are aligned by cycle index and aggregated to produce a mean trajectory and empirical
10th-90th percentile bands. These bands describe dispersion among retrieved analogues;
they are not calibrated probabilistic prediction intervals. Each prediction remains traceable
to a small set of historical cells.

2.5. HybridSupervisedRetrieval

The proposed hybrid method combines supervised and retrieval predictions:
gi =gy’ + (1 - a0)g, 7)

where a € [0, 1] is selected by validation MAE. In each split, candidate supervised models
and retrieval configurations are fitted on the fit subset. Their validation predictions are
then used to select the fusion weight. After the supervised model, retrieval configuration,
and « are fixed, the selected configuration is evaluated on the held-out test set without
test-set feedback. The same equation allows the information source to change with the early
window: retrieval can dominate when N is small, while supervised features can receive
more weight when more of the target trajectory has been observed.

The fusion weight also provides a direct test of the proposed mechanism. If retrieval
behaves only as a weak nearest-neighbor baseline, validation should assign it little weight
and the hybrid prediction should approach the supervised estimate. If historical analogs
carry useful information when early-cycle supervised features are weak, validation should
select a smaller « and reduce test MAE. The weight trend is therefore interpreted together
with the error metrics.

2.6. Chronos-Bolt Zero-Shot Forecasting Baseline

Chronos-Bolt tiny is evaluated as a pretrained time-series foundation-model base-
line [34]. Given the first N normalized capacity values, the model produces zero-shot
probabilistic forecasts for fixed horizons. We test horizons of 64 and 256 cycles and report
trajectory RMSE, trajectory MAE, prediction interval coverage probability at 80% (PICP80),
and mean prediction interval width (MPIW80). Because fixed-horizon forecasts often do
not reach the EOL threshold for long-life cells, Chronos-Bolt is used mainly as a trajectory
forecasting baseline rather than as the main full-horizon EOL method. Accurate local
capacity forecasts do not by themselves determine a threshold-crossing cycle that lies far
beyond the forecast horizon.

2.7. Evaluation Metrics

For EOL regression, we report mean absolute error (MAE), root mean squared error
(RMSE), mean absolute percentage error (MAPE), coefficient of determination (R?), and
Spearman rank correlation. MAE is emphasized because it measures cycle-level EOL error
directly. Spearman correlation is included because many screening applications depend on
ranking cells rather than predicting each EOL cycle exactly.

https:/ /doi.org/10.3390/batteries12080284
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For capacity forecasting, we report trajectory MAE, trajectory RMSE, PICP80, and
MPIWS0. For retrieval trajectories, PICP80 is a diagnostic of the empirical 10th-90th
percentile bands, not evidence of calibrated predictive uncertainty.

3. Results
3.1. Early-Window Baselines and Forecasting Gap

The supervised baselines provide the reference point for the retrieval experiments.
Early normalized-capacity measurements already carry lifetime information, but the model
selected by validation changes across splits and observed windows. As shown in Table 1,
the validation-selected supervised baseline gives mean MAE values of 170.69, 183.82, 181.43,
and 172.40 cycles at 10, 20, 50, and 100 observed cycles. The large split-to-split standard
deviations confirm that cell-wise partitioning materially affects the measured error, which
motivates the repeated-split hybrid comparison below.

The same dependence on labeled lifetime data appears in the auxiliary few-shot
supervised experiments, which are reported as diagnostic single-split sweeps rather than as
repeated-split significance tests. At a 50-cycle input window, the strongest ExtraTrees few-
shot baseline gives MAE values of approximately 262.38, 235.90, 215.39, and 193.65 cycles
when trained with 5, 10, 20, and 50 labeled cells. Expanding the labeled set from 5 to 50 cells
reduces MAE by 68.73 cycles, so the supervised mapping remains sensitive to the number
of fully aged cells available for fitting.

The same diagnostic status applies to long-horizon extrapolation from early capacity
values. A simple linear-persistence extrapolation from 50 and 100 observed cycles gives
EOL MAE values of 1636.56 and 1562.07 cycles. The error arises because many early
normalized-capacity trajectories are nearly flat; extending a small local slope to the 80%
SOH threshold can place the predicted crossing far beyond the observed lifetime range.

Chronos-Bolt is also reported as an auxiliary trajectory baseline rather than as part of
the repeated-split EOL significance analysis. For a 64-cycle forecast horizon on the Severson
dataset, trajectory RMSE values are 0.00455, 0.00355, 0.00183, and 0.00199 at 10, 20, 50, and
100 observed cycles, with PICP80 values of 0.952, 0.900, 0.895, and 0.746. These forecasts
indicate that the pretrained model can represent smooth local degradation without battery-
specific training. At a 256-cycle horizon, however, both accuracy and coverage degrade,
and many forecasts still do not reach the 80% SOH threshold. Accurate fixed-horizon
capacity prediction therefore does not by itself produce full-horizon EOL inference.

3.2. Retrieval as a Historical-Cell Prior

Retrieval uses the future trajectories and EOL labels of similar support cells to supply
information that is unavailable from the target prefix alone. Table 2 reports the repeated-
split retrieval-only baseline, with the retrieval configuration selected by validation MAE
within each split. Retrieval EOL MAE is 164.26 + 54.07, 168.54 + 62.76, 182.76 4+ 55.87, and
181.02 £ 53.45 cycles at 10, 20, 50, and 100 observed cycles, respectively. The retrieval-only
baseline is therefore competitive with the supervised baseline in the shortest windows,
supporting the premise that historical-cell analogs carry useful early-life information. It
also sets a stricter reference point for the hybrid method: the hybrid comparison in Table 3
should be read as improvement over validation-selected supervised prediction, not as a
claim that fusion always dominates retrieval-only prediction.

The repeated-split diagnostics in Figure 3 show that the selected feature set and
neighbor count vary across early windows. Retrieval is therefore used as a validation-
tuned empirical prior rather than as a fixed nearest-neighbor comparator. Its prediction can
also be inspected through the retrieved cells and the empirical uncertainty bands formed
from their trajectories.
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Table 2. Validation-selected retrieval-only EOL prediction over 20 repeated cell-wise splits.
Observed Cycles Retrieval MAE Median MAE RMSE Spearman Modal Selected Configuration
10 164.26 £ 54.07 147.32 283.88 0.68 stats, k = 15, median (11/20)
20 168.54 £ 62.76 166.33 297.17 0.63 shape, k = 3, mean, log (10/20)
50 182.76 4+ 55.87 164.10 306.39 0.59 degradation, k = 7, trimmed, log (6/20)
100 181.02 £ 53.45 157.41 298.06 0.64 raw_stats, k = 9, median (5/20)

Table 3. Repeated-split HybridSupervisedRetrieval comparison against the validation-selected
supervised baseline. Positive gain means lower MAE for the hybrid method.

Observed Cycles  Supervised MAE  Hybrid MAE Mean Gain Median Gain  95% CI for Gain  Wilcoxon p  Positive Splits

10
20
50
100

170.69 £ 51.91 160.61 £ 54.71 10.08 2.66 [1.19,20.39] 0.058 13/20
183.82 + 48.64 171.92 +£47.77 11.90 7.28 [1.69, 23.06] 0.028 11/20
181.43 £ 56.87 176.35 £ 56.91 5.08 1.21 [—2.00,12.81] 0.067 12/20
172.40 £41.74 172.75 £51.11 —0.35 0.00 [—9.91,7.79] 0.340 9/20

Repeated-split retrieval-only diagnostics
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Figure 3. Repeated-split retrieval-only diagnostics: (A) validation-selected retrieval MAE; (B) selected
retrieval feature sets; (C) selected neighbor counts; and (D) the split-level MAE distribution over
20 cell-wise splits.

3.3. Hybrid Prediction and Fusion Behavior

Figure 4 and Table 3 summarize the repeated-split EOL results. HybridSupervise-
dRetrieval gives its clearest improvement in the shortest windows. Across 20 cell-wise
splits, the mean MAE reduction is 10.08 cycles at 10 observed cycles and 11.90 cycles at
20 observed cycles. The corresponding bootstrap 95% confidence intervals for the split-level
gain are 1.19-20.39 cycles and 1.69-23.06 cycles. The one-sided Wilcoxon signed-rank tests
give p = 0.058 and p = 0.028, respectively. At 50 cycles, the mean gain is smaller and the
confidence interval crosses zero. At 100 cycles, the hybrid method does not improve the
validation-selected supervised baseline on average.
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Figure 4. Repeated-split EOL prediction results on held-out Severson/TRI/MIT test cells: (A) mean
EOL MAE over 20 cell-wise splits for supervised, retrieval-only, and hybrid predictors; (B) MAE
reduction of the hybrid method relative to the validation-selected supervised baseline with bootstrap
95% confidence intervals; and (C) the number of splits in which the hybrid method reduces test MAE.

The supervised model inside the selected hybrid configuration is chosen as part of the
fused predictor, rather than copied from the independently selected supervised baseline.
Joint validation reflects the objective of the hybrid experiment: the supervised learner,
retrieval configuration, and fusion weight are selected for their combined EOL prediction
error. The median gains are smaller than the mean gains, especially at 10 cycles, where the
median gain is 2.66 cycles while the mean gain is 10.08 cycles. This pattern indicates that
the early-window benefit is concentrated in some splits rather than distributed uniformly
across all partitions. The repeated-split evaluation shows that small apparent gains at
longer windows should be interpreted cautiously.

Across the same splits, hybrid RMSE is 274.53, 291.77, 292.40, and 279.95 cycles at
10, 20, 50, and 100 observed cycles, respectively, compared with 279.62, 296.65, 293.61,
and 274.11 cycles for the supervised baseline. Mean split-level Spearman correlations
are 0.70, 0.67, 0.65, and 0.73 for the hybrid predictor and 0.68, 0.68, 0.68, and 0.72 for the
supervised baseline. Thus, the MAE gains at 10 and 20 cycles do not correspond to a
uniform improvement in every metric or every split.

The validation-selected fusion weights in Figure 5 show how the hybrid model al-
locates weight between its two prediction sources across repeated splits. The mean su-
pervised weight « is 0.43, 0.52, 0.59, and 0.60 at 10, 20, 50, and 100 observed cycles. The
selected weights therefore do not indicate a purely retrieval-driven predictor; rather, re-
trieval contributes as an additional historical-cell prior inside a validation-selected mixture.
Together with the retrieval-only results in Table 2, the error gains indicate that the early-
window benefit is driven mainly by access to historical-cell analogs, with fusion providing
a validation-selected way to combine that prior with supervised features.

3.4. Compatibility-Filtered External Evidence

The BatteryLife external screen clarifies the scope of the retrieval-prior claim. Table 4
reports the most informative compatible windows, with targeted 40-split confirmation for
SNL 50 cycles and XJTU 20/50 cycles. SNL illustrates why mean improvements alone are
insufficient: retrieval-only lowers mean MAE from 333.30 to 278.85 cycles at 50 observed
cycles, but the paired 95% confidence interval for the gain spans zero (—12.88 to 133.84 cycles;
p = 0.264). It is therefore treated as heterogeneous evidence rather than confirmation.
BatteryLife-X]JTU provides the clearer fusion-positive case. At 50 cycles, fusion reduces mean
MAE from 34.11 to 28.02 cycles; its paired gain is 6.09 cycles (95% confidence interval 0.47-
11.41 cycles; p = 0.007). At 20 cycles, the corresponding fusion result remains borderline
(p = 0.052). BatteryLife-HUST provides weaker, exploratory support: retrieval-only improves
the mean MAE at 5 and 20 observed cycles, but the gains are not stable across all windows.
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Figure 5. Repeated-split fusion behavior: (A) mean validation-selected supervised and retrieval
weights; (B) the relation between selected weight and split-level MAE gain; and (C) the gain distribu-
tion over 20 cell-wise splits.

Table 4. Compatibility-filtered external dataset screen using BatteryLife processed datasets. Values
are mean MAE over repeated cell-wise splits; SNL 50-cycle and XJTU 20/50-cycle rows use 40 non-
overlapping splits, while HUST rows use the initial 20 splits. Lower is better.

Dataset Cells  Observed Cycles Supervised Retrieval-Only Hybrid Selector Main Observation
BatteryLife-SNL 52 50 333.304+241.75  278.85+162.28  319.114+218.07  309.98 £217.93  heterogeneous; not confirmed
BatteryLife-XJTU 23 20 33.24 +16.36 32.05+20.23 29.124+18.15 29.41+17.06 fusion borderline
BatteryLife-XJTU 23 50 3411+£17.28 28.77 £15.03 28.02 +£14.70 2942 £17.15 fusion confirmed
BatteryLife-HUST 77 5 361.51 £ 67.18 343.49 £ 83.31 352.32 £ 68.94 347.51 £ 58.62 retrieval prior helpful
BatteryLife-HUST 77 20 339.33 +£69.18 329.40 £ 67.91 337.47 £ 69.72 332.76 £+ 65.09 retrieval prior helpful

These external results support a narrower but more defensible claim than a universal
model-ranking statement. The SNL confirmation shows that a large mean gain can remain
unstable under repeated splits. Fusion is confirmed only for the XJTU 50-cycle setting,
while the XJTU 20-cycle result is borderline and other external signals are exploratory. The
selector results further show that validation does not always identify the lowest-error test
family, so selector performance is treated as an engineering diagnostic rather than as the
central contribution.

3.5. Trajectory Diagnostics

The trajectory case studies in Figure 6 show short-, medium-, and long-life examples.
Retrieval supplies full-horizon degradation trajectories with empirical uncertainty bands,
while Chronos-Bolt supplies a short-horizon capacity forecast. The two outputs diagnose
different aspects of the prediction: the pretrained forecaster represents local capacity
evolution, and retrieval exposes which historical cells are being used as long-range analogs.
When a retrieval prediction is poor, the support cells can be examined directly for early-
shape similarity and eventual lifetime mismatch.

3.6. Domain-Shift Sanity Check

The GPDM/NASA /Oxford sanity check gives a stricter view of domain shift. In
Figure 7, Chronos-Bolt trajectory RMSE is much larger than on Severson, and PICP80 is
unstable. Retrieval is competitive in trajectory RMSE for some external settings, but the
coverage is still below the desired level. This check limits the scope of the main findings:
protocol, chemistry, temperature, sampling, and label-definition shifts remain major barriers
to broad deployment, even when retrieval priors are useful on compatible datasets.
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Figure 6. Capacity trajectory case studies: (A) a short-life cell; (B) a medium-life cell; and (C) a long-
life cell. Retrieval forecasts provide full-horizon degradation priors and empirical uncertainty bands;
Chronos-Bolt provides short-horizon trajectory forecasts and its purple shaded 80% prediction interval.
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Figure 7. External GPDM/NASA /Oxford sanity check: (A) external trajectory RMSE; (B) empirical
80% prediction-interval coverage; (C) method comparison in the external domain; and (D) external
dataset composition. Domain shift makes trajectory forecasting substantially harder than in the
primary Severson setting; this experiment is used as a robustness warning rather than as a definitive
cross-dataset benchmark.
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4. Discussion
4.1. Evidence from Compatible Windows

The repeated-split experiments identify the regimes where retrieval is most useful. In
the first 10 or 20 cycles of the Severson/TRI/MIT dataset, normalized-capacity trajectories
differ only slightly across many cells, and a supervised model must infer lifetime from
small local deviations. Retrieval reframes the inference around aged historical cells: which
support cells looked similar at the same early point, and what EOL values did they later
reach? The retrieval-only baseline is already competitive in this weak-signal regime, with
mean MAE values of 164.26 and 168.54 cycles at 10 and 20 observed cycles. The hybrid
method improves over the validation-selected supervised baseline by 10.08 and 11.90 cycles
at the same windows, but the 20-cycle retrieval-only result also shows that the value of the
proposed framework lies in exposing and using the historical-cell prior, not in proving that
fusion always outperforms retrieval alone.

The targeted external confirmations sharpen this interpretation. The apparently large
SNL 50-cycle retrieval gain is heterogeneous and does not retain paired statistical support
after 40 splits. BatteryLife-XJTU provides the clearer fusion-positive case: at 50 observed
cycles, the fused predictor retains a positive paired gain after 40 splits. These results
suggest that access to compatible historical-cell evidence can help, but they do not support
a universal claim that retrieval-only or fusion will improve every external dataset.

The gain becomes less reliable outside such compatible regimes. In the primary
Severson/TRI/MIT experiment, the fused gain at 50 cycles has a confidence interval
that includes zero, and at 100 cycles the repeated-split mean gain is slightly negative.
Longer prefixes provide more cell-specific information, which can reduce the incremental
benefit of retrieved historical analogs. Across external datasets, HUST shows modest early
retrieval gains, whereas CALB does not provide a stable positive result after repeated-split
confirmation. The evidence therefore supports compatibility-filtered use of retrieval priors
rather than a universal model-ranking claim.

4.2. Forecasting Models and Engineering Use

The Chronos-Bolt results separate short-horizon trajectory forecasting from threshold-
crossing EOL prediction. The model forecasts 64-cycle capacity trajectories accurately
on Severson without battery-specific training, but fixed-horizon forecasts often do not
extend to the 80% SOH threshold. A future battery prognosis system could still use
pretrained temporal models as trajectory modules, similarity encoders, or regularizers for
degradation representations. The present results do not support using zero-shot fixed-
horizon forecasting alone as a complete EOL predictor.

For engineering review, the main practical advantage of retrieval is traceability. Each
prediction can be traced to specific support cells, allowing an analyst to inspect whether
the retrieved cells have plausible early capacity shapes, protocols, and eventual lifetimes.
The empirical trajectory bands should be interpreted as analogue dispersion rather than
calibrated uncertainty: the retrieval PICP80 values are approximately 0.59-0.68 across
the repeated-split windows, below the nominal 0.80 level. Traceability is relevant to
fast-charging protocol screening, production batch assessment, early-life cell sorting, and
second-life battery selection, where decisions often depend on a small prefix of the life-
time trajectory.

4.3. Limitations and Future Work

The evidence is limited by dataset scope and by the compatibility filter used for the
external screen. The primary experiments use the Severson/TRI/MIT dataset, which is
public and well suited to early lifetime prediction, but it represents a particular chemistry,
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protocol family, and experimental setting. BatteryLife-SNL, BatteryLife-HUST, BatteryLife-
XJTU, and BatteryLife-CALB expand the empirical scope, but their results are not uniform:
SNL’s mean retrieval gain is heterogeneous, XJTU confirms fusion only in a small-cell
50-cycle setting, HUST gives weaker early-window signals, and CALB is not a strong
positive case. The GPDM/NASA /Oxford analysis contains only 12 harmonized cells and
differs in degradation definitions and sampling; it is best read as a warning about domain
shift, not as a definitive cross-dataset ranking.

The signal set is also limited. Capacity is the most portable measurement across
the public datasets used here, but voltage, current, temperature, internal resistance, and
incremental-capacity features may improve prediction when high-quality cycle-level curves
are available. Those signals also require additional preprocessing choices that can affect
comparability across datasets. Retrieval coverage is a further constraint: if the support
database lacks cells similar to the target cell, the retrieved prior may be misleading. Future
work should test protocol-aware retrieval, foundation-model embeddings for degradation
similarity, larger cross-dataset benchmarks, and fine-tuned time-series foundation models
designed for battery degradation trajectories.

5. Conclusions

We examined data-efficient early lithium-ion battery lifetime prediction using public
cycling data. The proposed framework combines supervised early-cycle EOL predictors
with retrieval-based degradation priors from similar historical cells, while also evaluating
retrieval-only prediction as a direct expression of the same prior. On the Severson/TRI/MIT
dataset, repeated cell-wise splits showed that supervised-retrieval fusion reduced mean
MAE relative to the validation-selected supervised baseline at 10 and 20 observed cycles,
while the gains at 50 and 100 cycles were not robust. External confirmation further showed
that a large mean gain on SNL was heterogeneous, whereas XJTU at 50 observed cycles
retained a modest fusion-positive gain after 40 non-overlapping repeated splits. Chronos-
Bolt results showed that pretrained time-series models can forecast short-horizon capacity
trajectories, but fixed-horizon zero-shot forecasting was insufficient for full-horizon EOL
inference. Retrieval-augmented degradation priors therefore provide an interpretable com-
plement to supervised battery lifetime models in compatible weak-signal regimes. Broader
cross-chemistry and cross-protocol deployment remains a subject for future validation.
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