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Figure S1 Fitting results with different algorithms based on 4 DOF for Dataset 1 A
Fitting results for all the cells in 10 rounds. B Time cost for the whole optimization. C Best results
in 10 rounds of fitting for all the cells in Dataset 1. D Standard deviations of the 10 rounds of fitting
for all the cells in Dataset 1.
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Figure S2 Fitting results with different algorithms based on 3 DOF for Dataset 1 A
Fitting results for all the cells in 10 rounds. B Time cost for the whole optimization. C Best results
in 10 rounds of fitting for all the cells in Dataset 1. D Standard deviations of the 10 rounds of fitting
for all the cells in Dataset 1.
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Figure S3 Fitting results with different algorithms based on 2 DOF for Dataset 1 A
Fitting results for all the cells in 10 rounds. B Time cost for the whole optimization. C Best results
in 10 rounds of fitting for all the cells in Dataset 1. D Standard deviations of the 10 rounds of fitting
for all the cells in Dataset 1.
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Figure S4 Identifiability analysis A Jacobian analysis. B Fitting errors with respect to the
variations of the three parameters.C Loss variation with respect to iterations using the PSO algorithm
in 10 rounds. D Loss variation with respect to iterations using the DE algorithm in 10 rounds.
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Figure S5 Relationships of the electrode health states between C/5 and C/40 A Results
with the matched C-rates between the half cell and full cell OCVs. B Results with the mismatched
C-rates between the half cell and full cell OCVs.
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Figure S6 Results for the electrode health prediction with the best performance set A
Predictions for the Cp. B Predictions for the Cn. C Predictions for the Qli. D Predictions for the
Cq . E Model interpretations of the feature contributions.
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Figure S7 Results for the electrode health prediction with the worst performance set
A Predictions for the Cp. B Predictions for the Cn. C Predictions for the Qli. D Predictions for the
Cq . E Model interpretations of the feature contributions.
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Figure S8 Results for the aging reconstruction with different trajectory patterns A Fit-
ting results for all the cells under C/5. B Reconstruction of the aging patterns under C/40 using
measurements from C/5 for one cell that has a sub-linear pattern and a lone lifetime with capac-
ity regeneration. C Reconstruction of the aging patterns under C/40 using measurements from C/5
for one cell that has a sub-linear followed by super-linear pattern and a medium lifetime. D Recon-
struction of the aging patterns under C/40 using measurements from C/5 for one cell that has a
super-linear pattern and a short lifetime.
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Figure S9 Residual compensations using machine learning from Dataset 1 to Dataset 2
A The compensation results for the testing cells in Dataset 2 and the error distributions.B Differential
voltage curves of one representative cell during aging and the demonstration of the inefficient fittings
and the enhanced fittings by machine learning. C Aging reconstruction capability of the original
model and the enhanced model.
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Figure S10 Residual compensations using machine learning from Dataset 3 A The DVF
results for all the cells in Dataset 3. B The compensation results for the testing cells in Dataset 3 and
the error distributions without curve smoothing. C Differential voltage curves of one representative
cell during aging and the demonstration of the inefficient fittings and the enhanced fittings by machine
learning without smoothing.D Aging reconstruction capability of the original model and the enhanced
model for the in C. E–G Differential voltage curves reconstruction capability of the original model
and the enhanced model for three representative cells aged with highway, urban, and real city loadings,
respectively.
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Figure S11 Residual compensations from C/5 to C/40 A The compensation results for the
voltage residuals. B The compensation results for the capacity residuals. C–E Differential voltage
reconstruction from C/5 to C/40 for three different representative cells. F Demonstration of the
capacity residuals.
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Figure S12 Reconstructions of differential voltage curves from C/5 to C/40 A Measured
curves under C/5. B Reconstructed curves based on the C-rate adaptive predictions. C Enhanced
reconstruction based on the residual compensations.
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Figure S13 Cycle life prediction until different SOH thresholds. A EFC prediction until
95% SOH threshold. B EFC prediction until 90% SOH threshold. C EFC prediction until 85% SOH
threshold. D EFC prediction until 82.5% SOH threshold.
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Figure S14 Cycle life prediction from SOH around 85% A Feature importance interpretation
for the machine learning model in early cycle life until 80% SOH prediction. B Prediction results for
the training, validation 1, and validation 2 in early cycle life until 80% SOH. C Feature importance
interpretation for cycle life predictions until different SOHs.
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Figure S15 Cycle life prediction using XGboost and SHAP A Feature importance interpre-
tation for the machine learning model in early cycle life until 80% SOH prediction from 30th EFC.
B Prediction results for the training, validation 1, and validation 2 in early cycle life until 80% SOH
from 30th EFC. C Feature importance interpretation for cycle life predictions until different SOHs.
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Table 1 Summary of the C-rate adaptive
prediction of electrode health.

Results Parameters RMSE(%) MAE(%)

Best

Cq 0.96 0.70
Cp 2.59 1.90
Cn 1.38 1.15
Qli 0.86 0.60

Median

Cq 1.88 1.35
Cp 2.84 2.51
Cn 1.79 1.40
Qli 1.62 1.13

Worst

Cq 3.63 2.88
Cp 4.23 3.18
Cn 3.33 2.85
Qli 3.58 2.85
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Table 2 Summary of the cycle life prediction using random cell split with 50%
for testing.

SOH threshold Trianing/Validation RMSE(EFC) MAE(EFC) R2

95% SOH
Training 5.24 3.36 0.84

Validation 1 7.59 4.78 0.86
Validation 2 4.46 3.00 0.91

90% SOH
Training 28.18 19.30 0.82

Validation 1 26.30 19.81 0.91
Validation 2 35.00 23.55 0.77

85% SOH
Training 57.97 41.02 0.83

Validation 1 47.55 35.99 0.93
Validation 2 74.49 53.00 0.75

82.5% SOH
Training 72.26 51.03 0.84

Validation 1 66.29 53.24 0.90
Validation 2 93.53 68.89 0.75

80% SOH
Training 93.07 64.96 0.83

Validation 1 85.35 68.28 0.88
Validation 2 110.00 81.80 0.76
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Note S1 Brief descriptions of the optimization algorithms. In order to
estimate the parameters with 2, 3, or 4 degrees of freedom, optimization algorithms
are needed. In this work, we employ and compare the performances of 5 different
algorithms, including particle swarm optimization (PSO), differential evolution (DE),
Bayesian optimization (BO), genetic algorithms (GA), and covariance matrix adap-
tation evolution strategy (CMA-ES). A brief description of each method is given
below.

PSO is a population-based stochastic optimization technique inspired by the social
behavior of birds flocking or fish schooling. Each particle represents a potential solution
and updates its position by combining its own best-known position and the global
best-known position. The velocity and position update rules are [1–3]:
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where v
(t)
i and x

(t)
i denote the velocity and position of particle i at iteration t, pi

is the best position of particle i, g is the global best position found so far, ω is the
inertia weight, c1 and c2 are acceleration coefficients, and r1, r2 ∼ U(0, 1) are random
numbers.

DE is a simple yet powerful evolutionary algorithm that perturbs existing solutions
based on the scaled difference between randomly selected individuals. The basic idea
is to generate a trial vector by adding the weighted difference of two individuals to a
third individual, followed by a crossover and selection step, [4–6]

vi = xr1 + F · (xr2 − xr3) (3)

ui,j =

{
vi,j if randj < CR or j = jrand

xi,j otherwise
(4)

Here, xr1,xr2,xr3 are randomly chosen individuals, F is a scaling factor, CR is the
crossover rate, and ui is the offspring. Selection is done by comparing fitness values
between ui and xi.

BO is a model-based global optimization method that builds a surrogate proba-
bilistic model, such as a Gaussian Process (GP), of the objective function and uses
an acquisition function to decide where to sample next [7–9]. The next point xnext is
chosen by maximizing the acquisition function a(x), such as Expected Improvement
(EI):

xnext = argmax
x∈X

a(x) (5)

EI(x) = E[max(f(x)− fbest, 0)] (6)

where fbest is the current best observation. The GP model provides both a mean
and an uncertainty estimate, which guide the trade-off between exploration and
exploitation.

GA is a bio-inspired heuristic based on the principles of natural selection and
genetics. Individuals in a population undergo selection, crossover, and mutation to
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evolve over generations [10, 11]. Given a fitness function f(x), the process iteratively
generates new populations,

Selection: xparent ∼ P (f(x)) (7)

Crossover: xchild = αx1 + (1− α)x2 (8)

Mutation: xmut = xchild + σ · ϵ (9)

where α ∈ [0, 1] is a mixing coefficient, ϵ ∼ N (0, 1), and σ is a mutation strength.
GA is effective for exploring rugged, high-dimensional landscapes.

CMA-ES is an advanced evolutionary strategy that adapts the sampling distri-
bution based on the past successful samples [12–14]. It uses a multivariate normal
distribution to sample candidates and updates the covariance matrix to guide the
search,

x
(t)
k ∼ N (m(t), σ(t)2C(t)) (10)

m(t+1) =

µ∑
k=1

wkx
(t)
k (11)

where m(t) is the mean, σ(t) is the global step-size, C(t) is the covariance matrix,
and wk are the weights assigned to the best µ solutions in the population. The covari-
ance matrix captures the shape of the objective landscape and is continuously adapted
to improve search efficiency.
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Note S2 Feature descriptions. Three models are built in this work for the pur-
pose of a C-rate-based adaptive prediction model, a residual compensation model, and
a cycle life prediction model. The main features are from the mechanistic parameters
obtained from the differential voltage fitting (DVF) model, with additional features
of measurement.

C-rate-based adaptive prediction model takes the measured capacity at high
C-rate, i.e., Cq, and the fitted electrode health parameters, i.e., Cp, Cn, Qli, as the
input features for the predictions of these four parameters at low C-rate.

Residual compensation model. In the scenario of compensation for the fitted
curves to the real curve under the same C-rate, i.e., only the voltage residuals need
to be compensated. In order to avoid data leakage (the residuals is the difference
between the measured and fitted values) and make it suitable for following different C-
rates compensations, only the fitted voltage from the DVF model and the three fitted
electrode parameters are used as the features. In the application of the residual com-
pensations from the high C-rate to the low C-rate, the predicted reconstructed voltage
and the predicted three electrode states at the low C-rate are used as the features. In
addition to the residuals from the voltage curve, the capacity from different C-rates
also has discrepancies. From the C-rate adaptive prediction model, the capacity under
the low C-rate can be predicted. Therefore, a predicted capacity curve of the Q-V
curve can be generated by interpolation from 0 to the predicted capacity value. How-
ever, this curve is evenly spaced and still has residuals from the actual capacity curve
as demonstrated in Figure S11F. Similarly, the predicted capacity and the predicted
electrode states are used as input features for the capacity curve compensation.

Cycle life prediction model also takes the features from the fitted electrode
parameters as the input features. The full cell capacity and electrode capacities from
the second reference performance test (RPT) cycle are used, i.e., Cq, Cp, Cn, and
Qli. In order to reflect the degradation and variation in early stages, the difference of
these four parameters between the second RPT and the initial RPT are included, i.e.,
∆Cq, ∆Cp, ∆Cn, and ∆Qli. In addition to the electrode features, as discussed in the
main text, the key features from the differential voltage curve also reflect the degrada-
tion mechanisms. Therefore, the first peak value and the corresponding peak location
(capacity value) of the fitted and measured curve are included in the feature matrix,
i.e., Peakm, Peakf , PeakLocm, PeakLocf , as well as the difference between the
curve from the second RPT and the initial one, i.e., ∆Peakm, ∆Peakf , ∆PeakLocm,
∆PeakLocf . Several other statistic values including the variance, minimum and max-
imum value of the voltage difference between the fitted curve and measured curve as
well as their derivatives are extracted, which includes the statistic values between the
fitted curve and measured curve, var(Vm-Vf ), var(dVm-dVf ), max(Vm-Vf ), max(dVm-
dVf ), and min(dVm-dVf ). The variations of the curves between the second and first
RPT curve are also included, which are variations between the measured voltage curve
of the two RPT cycles (var(∆Vm)), the differential voltage curve of the two RPT cycles
((var(∆dVm))), and the variations between the fitted voltage to the initial measured
voltage curves ((var(Vf -Vm0))).
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