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Abstract—This study presents a condition-aware progres-
sive knowledge distillation (CPKD) framework for developing
lightweight models capable of accurately predicting the remain-
ing useful life (RUL) of lithium-ion batteries. Within this
framework, a teacher model is constructed by embedding a
conditional variational autoencoder (CVAE) into a Mamba back-
bone. Through high-order compression and reconstruction of
local–global battery features and the adoption of a dependency-
aware loss function, the latent space is regularized to capture the
underlying structure of degradation trajectories, enabling high-
precision RUL prediction. Subsequently, a lightweight student
predictor, realized as a CVAE enriched with operating-condition
descriptors, is configured as the target model. Unsupervised
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clustering is employed in conjunction with a dual-path gating
mechanism to activate an operating-condition monitor. While
a multichannel topology constructed from depthwise separable
convolutions (DSCs) is triggered under the synergistic action
of the gating weights to extract discriminative features across
varying operating regimes and to deepen the representation of
complex degradation dynamics. To transfer domain knowledge, a
stepwise parameter-freezing knowledge distillation (KD) strategy
is devised whereby accuracy-controlled degradation knowledge is
progressively distilled from the teacher, ensuring effective RUL
prediction by the compact student. Validation indicates that the
distilled lightweight model achieves average root-mean-square
errors of 0.0163 on the MIT dataset and 0.0384 on a real-world
EV dataset, while using only 0.167M parameters and requiring
13.88 ms per inference on embedded hardware. The code and
models are available at https://github.com/Lipenghua-CQ/CPKD

Index Terms—Lightweight predicting model, lithium-ion bat-
teries, progressive knowledge distillation, remaining useful life.

I. INTRODUCTION

L ITHIUM-ION batteries are extensively deployed across
a wide range of industrial sectors, including energy

storage, transportation, consumer electronics, and mechani-
cal manufacturing. In electric vehicle (EV) applications, the
performance of lithium-ion batteries under complex operating
conditions, such as fluctuating temperature and humidity,
thermal cycling, mechanical vibrations, and dynamic load
profiles, plays a critical role in determining the vehicle’s
power output and overall energy efficiency [1]. Identifying
how to effectively extract degradation-relevant features from
externally collected data, such as voltage, current, and temper-
ature, under real-world operating conditions, without relying
on internal electrochemical variables like solid electrolyte
interface (SEI) film formation or concentration polarization
[2], is crucial to accurately predict performance metrics of
lithium-ion batteries, particularly the remaining useful life
(RUL). This challenge is fundamental to the safe opera-
tion and predictive maintenance of lithium-ion batteries and
remains a critical focus of both academia and industry
[3], [4].

Currently, industry-standard approaches for predicting the
battery RUL predominantly rely on features extracted from
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capacity degradation and internal resistance evolution [2],
implemented through model-based and data-driven methodolo-
gies [3]. Model-based approaches predict RUL by constructing
mathematical or physical representations of battery degrada-
tion processes, which are generally categorized into empirical,
equivalent circuit, and electrochemical models [5]. In empiri-
cal models, such as the single exponential model [6], double
exponential model [7], and Verhulst model [8], battery capac-
ity degradation is described as a mathematical function of
cycle number. In equivalent circuit models (ECMs), RUL is
treated as a latent state variable of the battery. Electrochemical
models require the identification of a broader set of aging-
related parameters. However, their application to RUL predic-
tion is limited by inherent complexity and limited dynamic
accuracy [9]. Despite the strong physical interpretability of
model-based approaches, their practical deployment is often
hindered by the need for precise parameter calibration and
their limited adaptability to complex and variable degradation
patterns observed under real-world operating conditions.

Data-driven approaches, particularly those based on deep
neural networks, have gained widespread acceptance in
engineering applications for health management of onboard
lithium-ion batteries. These methods aim to directly learn
degradation behaviors from large-scale operational data,
without requiring explicit understanding of the complex elec-
trochemical and multiphysics mechanisms underlying battery
aging processes [10]. Within the context of RUL prediction,
time-series models such as 1-D convolutional neural networks
(1D-CNNs) and long short-term memory (LSTM) networks
have played an essential role [1]. Zhang et al. [11] combined
CNN and LSTM architectures, where CNNs extract localized
degradation patterns and LSTMs capture long-term temporal
dependencies to achieve accurate and robust RUL predictions.
In another study, Gu et al. [12] proposed a lightweight
multitask learning framework tailored for limited data, which
employs an architecture combining 1D-CNN and bidirectional
gated recurrent unit (Bi-GRU) to jointly predict the capacity
turning knee and RUL from partial charging voltage segments.
To integrate multimodal battery information and enhance
physical interpretability, recent studies have further advanced
CNN-based architectures [4], [13]. For instance, Li et al. [4]
introduced a lightweight CNN-ASTLSTM model in which the
CNN branch extracts spatial features from voltage and current
profiles. Alongside these neural network-based methods, a
complementary line of research has explored physics-informed
hybrid frameworks that couple electrochemical mechanisms
with deep networks. For example, Zhang et al. [14] proposed a
physics-informed hybrid multitask learning (PIHMTL) frame-
work, which couples the partial differential equations-based
electrochemical model with a deep generative neural network.
Building on this, their subsequent study [15] proposed a
physics-informed dual neural network (PIDNN) that leverages
initial discharge features and capacity difference sequences to
capture cell heterogeneity and degradation evolution.

More recently, Gu and Dao [16] introduced the Mamba
architecture, a structured state space sequence (S4) model
that unifies the strengths of recurrent, convolutional, and
continuous-time modeling paradigms. This architecture has
also been applied to RUL prediction tasks [17], [18], due
to its ability to capture long-range dependencies across arbi-
trary time series while maintaining computational efficiency
throughout both training and inference. Huang et al. [17]
developed a lithium-ion battery RUL prediction model, named
RUL-Mamba, which integrates the Mamba module, feature
attention network, and gated residual network within an
encoder–decoder architecture. In another study, Li et al.
[18] developed a physics-informed Mamba neural network
that integrates electrochemical prior knowledge to enhance
the modeling of lithium-ion battery degradation. By embed-
ding differential equations derived from fundamental physical
laws into the Mamba architecture, the approach captures
dynamic, transient, and quasi-steady-state behaviors through
circuit parameters including internal resistance, capacitance,
and open-circuit voltage. Although Mamba-based architectures
have demonstrated promising results in battery prognosis, their
high parameter complexity and computational cost remain
major barriers to deployment in resource-constrained embed-
ded systems.

To enable the deployment of deep learning models with high
accuracy and robust generalization on computationally con-
strained vehicle embedded platforms, existing studies typically
pursue two routes. One is to directly design lightweight neural
network architectures [4], [12]. The other is to compress com-
plex, high-accuracy models to meet onboard edge deployment
requirements. Compared with the former, model compression
offers greater flexibility in engineering practice and relies less
on detailed AI implementation expertise and prior knowledge
of battery mechanisms. Common compression approaches
include parameter quantization, weight pruning, and knowl-
edge distillation (KD). Parameter quantization compresses
model size by reducing the bit-width of weight representations,
thereby significantly lowering memory requirements while
preserving performance [19]. Weight pruning simplifies model
architecture by removing redundant parameters after training,
leading to substantial reductions in computation load [20].
Compared to these methods, KD allows a compact student
model to learn output representations from a larger and more
complex teacher model [21], [22], which not only reduces
memory footprint but also maintains high inference efficiency.
Xu et al. [23] proposed a contrastive adversarial KD method
that integrates adversarial adaptation and contrastive loss to
mitigate fine-grained feature loss and architectural mismatch,
achieving an 8%–12% reduction in root-mean-square error
(RMSE) on the FD001 subset of the C-MAPSS dataset. A mul-
tisource adversarial online KD framework [24] was developed
to enhance RUL prediction of rolling bearings across hetero-
geneous machines. The model integrates a dual knowledge
transfer strategy, combining multilevel domain adaptation with
dynamically weighted online distillation, within an ensemble
learning architecture.
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Despite recent progress in KD for RUL prediction, chal-
lenges persist in optimizing model architecture and improving
distillation efficiency in real-world applications.

1) Teacher models are typically high-precision architec-
tures to ensure effective knowledge transfer. Existing
RUL prediction models often improve accuracy by
reconstructing battery degradation features [25] or mod-
eling dependencies between local and global degradation
behaviors [26]. However, simple reconstruction may fail
to capture complex nonlinear degradation mechanisms,
while overemphasis on local patterns can obscure global
trends and increase overfitting risk.

2) Student models are often trained under the assumption
of distributional consistency between training and test
data. This assumption is frequently violated in practice
[11], as battery data collected under varying operational
conditions exhibit temporal variability and distributional
shifts. Without a condition-aware design, student models
lack generalizability.

3) Existing co-training frameworks distill knowledge by
either reconstructing features or globally updating stu-
dent parameters [23], [24], often at the expense of
efficiency and hardware cost.

To address the outlined challenges, this work introduces
a condition-aware progressive KD (CPKD) framework for
efficient and accurate RUL prediction. The main contributions
are as follows.

1) A conditional variational autoencoder (CVAE)-based
teacher model, CVAE-Mamba, is proposed to recon-
struct hierarchical degradation features. This model
integrates a Mamba module with local self-attention
to capture localized degradation trends from sequen-
tial signals such as quasi-voltage (QV) curve variance
and incremental capacity (IC) curve area. A global
self-attention refinement (GSAR) module dynamically
adjusts feature weights by modeling interdependencies,
enabling the capture of complex correlations. A mul-
tilayer perceptron (MLP)-based CVAE encodes and
decodes local and global characteristics into latent vari-
ables, providing high-order approximation and compact
feature representation.

2) A condition-monitored student model, CM-CVAE, is
developed for RUL prediction, incorporating a depth-
wise separable feature extractor with dual-channel
attention. An adaptive condition monitor, combining
unsupervised clustering and dual-path gating, computes
intercondition distances to extract shared degrada-
tion characteristics while filtering irrelevant patterns.
These gating signals direct a multichannel architec-
ture with depthwise separable convolutions (DSCs)
to enhance feature perception under diverse operating
conditions. A 1D-CNN-based CVAE coupled with a
dual-attention prediction module enables deep degrada-
tion representation and context-aware modeling of aging
dynamics.

3) A staged parameter-freezing KD (SPF-KD) strategy is
proposed for effective model compression. This progres-
sive distillation approach enhances transfer fidelity and

maintains prediction accuracy in the lightweight student
model.

II. METHODS

The proposed CPKD framework, illustrated in Fig. 1,
enables reliable prediction of the RUL of lithium-ion batteries
under constrained conditions. It achieves this by feeding
temporal features, such as the variance of Q–V curves
and the integral area of IC curves [see Fig. 1(a)], into
a teacher–student model architecture. The teacher model,
CVAE-Mamba [see Fig. 1(b)], combines local and global
self-attention mechanisms to capture degradation features and
complex dependencies in the latent space. A reconstruction
loss guides the model to extract intrinsic degradation patterns.
The student model, CM-CVAE [see Fig. 1(c)], is lightweight
and designed for efficiency, using unsupervised clustering and
a dual-channel gating mechanism to recognize the operating
state. A dynamically activated multichannel feature extractor
further refines condition-sensitive degradation information.
Based on this structure, a staged KD strategy, SPF-KD [see
Fig. 1(d)], is proposed to gradually transfer degradation knowl-
edge from the teacher model to the student model, leading
to enhanced representational capacity and prediction accuracy
while significantly reducing computational cost [see Fig. 1(e)].

A. CVAE-Mamba Teacher Model

The CVAE-Mamba teacher model comprises a locally
attentive Mamba (LAM) module, a GSAR module, and two
separate MLP-based CVAE feature reconstruction (MCFR)
modules dedicated separately to degradation feature recon-
struction and high-precision RUL prediction.

In the LAM module, which incorporates a localized self-
attention mechanism, the input degradation sequence X ∈ Rl×d

is initially projected through an input embedding layer, fol-
lowed by a hierarchical feature extraction process. It begins
with a convolution-based local feature encoding operation
fconv, which captures spatially constrained patterns, and pro-
ceeds through a localized self-attention operation fatts, enabling
the extraction of early stage representations Ht

atts ∈ R
l×din .

Here, l denotes the sequence length, d denotes the dimension-
ality of the input features, and din denotes the dimensionality
of the embedded representations

Ht
atts = fatts ( fconv (X))

= Watto1 ((ψe (XtWe + be)) Wc + bc) . (1)

Here, Xt denotes the input vector at the tth time step. We rep-
resents the parameter matrix of the embedding layer, while be

corresponds to the bias vector of the embedding layer. The
embedding layer’s activation function is expressed as ψe. Wc

signifies the parameter matrix of the 1D-CNN layer, and bc

denotes the bias term of the same layer. Watto1 indicates the
parameter matrix of the self-attention layer.

To capture short- and long-term dependencies that evolve,
the representations are subsequently processed by a state space
model operator fssm, which produces temporally enriched
features Ht

ssm ∈ Rl×din . To further enhance the contextual
understanding of degradation behavior, a GSAR module is
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Fig. 1. Proposed CPKD framework for RUL prediction. (a)–(e) Input feature data module, the CVAE-Mamba teacher model, the CM-CVAE student model,
the SPF-KD strategy, and the RUL prediction results, respectively.

introduced. This module applies a self-attention operator fatto
to the intermediate representation Ht

ssm, enabling the model
to infer long-range interactions among local degradation fea-
tures and capture their latent interdependencies with higher
fidelity. The outcome is a globally informed representation
Ht

atto ∈ R
l×din that integrates both spatial locality and global

coherence

Ht
atto = fatto

�
Ht

ssm

�
= Concat

0B@σ
0B@Qi

attoKi
attoq

di
h

1CAV i
atto

1CAWo
atto. (2)

Here, Qi
atto, Ki

atto, and V i
atto denote the query, key, and value

matrices of the ith attention head obtained through linear
transformations. The scaling factor (dh)1/2 is employed to
prevent gradient vanishing. The variable h represents the
number of attention heads, and σ corresponds to the softmax
function. Wo

atto denotes the output projection matrix.
The refined features Ht

atto are then fed into an MFCR
module, called the MFCR-I module, which is designed to
reconstruct the degradation feature. The computational pro-
cess of this module is defined as f t

cvae. Through progressive
encoding and decoding, this module recovers both localized
patterns and global structure within the degradation signals,
yielding a reconstructed output Ĥt

rec ∈ R
l×dout

Ĥt
rec = f t

cvae

�
Ht

atto

�
= W t

decZt
cvae + bt

dec

= W t
dec

�
W t

enc

��
Ht

atto ‖ Ht
atts

��
+ bt

enc

�
+ bt

dec. (3)

The global degradation features Ht
atto and the local degradation

features Ht
atts are concatenated and then compressed into a

latent representation Zt
cvae ∈ R

l×d/4. The encoder parame-
ter matrix W t

enc consist of three layers of linear weights:

W t
e1 ∈ R

2din×din , W t
e2 ∈ R

din×din/2, and W t
e3 ∈ R

din/2×din/4. bt
enc

denotes the bias term of the encoder. The decoder parameter
matrix W t

dec also consist of three layers of linear weights:
W t

d1 ∈ R
din/4×din/2, W t

d2 ∈ R
din/2×din , and W t

d3 ∈ R
din×dout . bt

dec
denotes the bias term of the decoder. The nonlinear activation
function used is still ReLU.

Subsequently, another MCFR module (MCFR-II module)
trained for capacity prediction minimizes the discrepancy
between the predicted and ground-truth capacities, producing a
high-precision capacity prediction Y t

pre from the teacher model.
This operation is formalized as f t

pre. Based on the operations of
the four modules described above, the CVAE-Mamba teacher
model can be formulated as follows:

Y t
pre = f t

pre

�
f t
cvae ( fatto ( fssm ( fatts ( fconv (X)))))

�
. (4)

B. CM-CVAE Student Model

The CM-CVAE student model comprises four key compo-
nents designed to enable a deep understanding of the complex
degradation processes in batteries. These components include
an attention-enhanced feature extraction (AEFE) module, a
degradation condition-monitored (DCM) module, a CNN-
based CVAE feature reconstruction (CCFR) module, and a
dual attention-driven prediction (DADP) module.

In the AEFE module, the input degradation features X ∈
Rl×d are transposed and passed into the key feature extrac-
tion operation fsh, yielding the key feature representation
Hs

attc ∈ R
din×l.

The DCM module, driven by unsupervised clustering and a
dual-path gating mechanism, receives the critical feature rep-
resentation Hs

attc, which is modulated through the coordinated
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operation fgate of two gating units

G j
i =

8̂<̂
:

Wc , j = c
exp

��
WsHs

attc + bs
�

i

�PN
n=1 exp

��
WsHs

attc + bs
�

n

� , j = s.
(5)

Here, G j
i represents the weight of the ith channel, with

j ∈ {c, s} indicating parameters originating from distinct gating
pathways. The matrix Wc denotes the clustering gating weights
derived from K-means clustering, which regulate the partici-
pation level of different channels during the training process.
The matrix Ws corresponds to the output-normalized gating
weights that guide the selection of channel combinations
during inference.

This modulated representation is then processed by the
multichannel operator fcn, constructed using DSCs, to generate
the monitoring feature representation Hs

cn ∈ R
din×l

Hs
cn =

3X
i=1

G j
i fcn

�
Hs

attc

�
=

3X
i=1

G j
i

�
σ′′
��

Hs
attcWDC,i

�
Wpc,i + bcn

��
. (6)

Here, WDC denotes the parameter matrix of the depthwise
convolutional layer for the ith channel, and Wpc represents
the parameter matrix of the 1-D pointwise convolutional layer
for the ith channel. σ′′ corresponds to layer normalization,
with bcn indicating the bias vector associated with the layer
normalization.

The CCFR module, constructed with 1D-CNNs, strengthens
the representational depth and contextual correlation of Hs

cn,
producing the student reconstructed feature representation
Ĥs

rec ∈ R
dout×l. The entire reconstruction process is represented

as f s
cvae

Ĥs
rec = f s

cvae

�
Hs

cn

�
= W s

decZ s
cvae + bs

dec

= W s
dec

�
Hs

cnW s
enc + bs

enc

�
+ bs

dec. (7)

The feature Hs
cn is compressed and mapped to the student

latent variable Z s
cvae. The encoder parameters W s

enc consist
of three convolutional weight matrixes, specifically W s

e1 ∈

Rdin×C×3, W s
e2 ∈ R

din/2×din×3, and W s
e3 ∈ R

din/4×din/2×3. The
encoder bias term is denoted by bs

enc. The decoder param-
eters W s

dec comprise three linear weight matrixes, namely
W s

d1 ∈ R
din/2×din/4×3, W s

d2 ∈ R
din×din/2×3, and W s

d3 ∈ R
C×dout×3.

The decoder bias term is represented by bs
dec. All nonlinear

activation functions employed are ReLU.
Subsequently, in the DADP module, the reconstructed rep-

resentation Ĥs
rec is processed by the prediction operator fdp

to estimate the capacity, yielding the output Y s
pre. Based

on the operations of the four modules described above, the
CM-CVAE student model can be formulated as follows:

Y s
pre = fdp

�
f s
cvae

�
fcn
�

fgate ( fsh (X))
���

. (8)

C. SPF-KD Strategy

To enable the student model to achieve the exceptional per-
formance of the teacher model while maintaining a lightweight

structure, the proposed SPF-KD strategy leverages the teacher
model’s frozen parameters alongside its latent features, recon-
structed features, and high-precision capacity predictions to
guide a two-stage KD process. Specifically, the distillation
process consists of feature distillation (FD) and KD. In FD,
the intermediate representations of the student model are
constrained to approximate, in the feature space, the latent
states and reconstructed features of the teacher model that
encode battery degradation information. KD acts on the output
layer and drives the predictive distribution of the student model
toward the target distribution produced by the teacher. Existing
studies [23], [27], [28], [29] typically, adopt a sequential
training scheme in which FD precedes KD, so that the student
network first learns a representation space aligned with that
of the teacher model and subsequently acquires its decision
pattern in terms of both hard and soft labels, thereby improving
the convergence of the distillation process and more fully
exploiting the representational capacity of the student model.
The effectiveness of this distillation order will be further
validated in the ablation experiments presented below.

In the first distillation stage, the AEFE, DCM, and DADP
modules of the student model are frozen, with only the
parameters of the CCFR module participating in the paired
learning between teacher and student. This freezing strategy
is adopted because CCFR essentially acts as a regularization
module whose primary role is to align the latent variables
and reconstructed features of the student model with those
of the teacher. It is therefore the key component in the FD
stage. Through FD, the CCFR module learns a stable feature
reconstruction prior constrained by the teacher under a fixed
teacher feature distribution. In contrast, AEFE, DCM, and
DADP modules together form the backbone of the student
model, where AEFE and DCM modules jointly perform shared
feature extraction and can be regarded as the main encoder,
while the DADP module serves as the temporal prediction
head.

Accordingly, this stage employs a joint loss function
designed to compel the student model’s CCFR module to
learn the deep representation capability of the teacher model’s
MCFR module with respect to degradation features. Specif-
ically, the joint loss Lstage1 consists of three components:
the latent feature alignment loss Lz between CCFR and
MCFR-I module, the reconstruction feature discrepancy loss
Lrec between CCFR and MCFR-I module, and the self-
supervised loss Lrec representing the difference between the
MCFR module’s input features before and after reconstruction

Lstage1 = Lz + Lrec + Ls
rec. (9)

The latent feature alignment loss Lz is defined as the mean
squared error between the teacher’s latent representation Zt

cvae
and the student’s latent representation Z s

cvae

Lz =
1
N

NX
i=1



Zt
cvae − Z s

cvae



2
2 . (10)

The reconstruction feature loss Lrec is expressed in the form
of a perceptual loss, computed as the L1 distance between the
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teacher’s reconstructed features Ĥt
rec and those of the student

Ĥs
rec across multiple intermediate layers

Lrec =
X

φt

l

�
Ĥt

rec

�
− φs

l

�
Ĥs

rec

�


1 . (11)

The self-supervised loss Ls
rec employs the L1 norm to quan-

tify the elementwise discrepancy between the original input
and the output reconstructed by the student’s encoder–decoder
pipeline, which reinforces the student’s ability to preserve fine-
grained input details

Ls
rec =



x − Ĥs
rec




1 . (12)

In the second distillation stage, the CCFR module of the
student model is frozen, while the remaining modules par-
ticipate in the teacher–student paired learning process. The
joint loss Lstage2 in this stage consists of two components.
The first is a hard label loss Lhard, computed as the difference
between the output of the student’s DADP module and the cor-
responding ground-truth values. The second is a soft label loss
Lso f t, which measures the discrepancy between the capacity
predictions generated by the teacher’s MCFR-II module and
those produced by the student’s DADP module

Lstage2 = αLhard + (1 − α)Lso f t. (13)

The hard label loss Lhard employs label-smoothed cross-
entropy loss to compute the distance between the ground-truth
capacities and the predicted capacities in the student model

Lhard =
1
N

NX
i=1



Yi − Y s
prei



2
2
. (14)

The soft target loss Lso f t utilizes the Kullback–Leibler (KL)
divergence to measure the distributional difference between the
teacher and student capacity predictions, where τ denotes the
distillation temperature

Lso f t = τ2DKL
�
Y t

pre‖Y
s
pre

�
. (15)

III. DATA EXPERIMENT

A. Data Curation

To facilitate independent replication of our numerical exper-
iments with the publicly released source code, we employ
the MIT open battery dataset [30], which comprises 124
APR18650M1A lithium iron phosphate batteries. All batteries
are cycled in a 30 ◦C environmental chamber under a protocol
that combines fast charging and constant current/constant
voltage (CC–CV) charging followed by constant current dis-
charging. Specifically, each cycle begins with one- or two-step
fast charging to 80% SOC, continues with CC–CV charging
at 1 C to full charge, and ends with discharging at 4 A down
to a voltage of 2 V. The dataset provides time series records
of voltage, current, and temperature, together with the final
cycle life labels for each battery.

We select 30 batteries (serial numbers #10–22, 25–40, 42),
whose capacity, voltage, and degradation trajectories form a
representative benchmark. This subset spans a broad range of
cycle counts and degradation levels while avoiding systematic
bias that may arise from adjacent serial numbers. Therefore,
batteries #23, #24, and #41, etc., are omitted. Test batteries

Fig. 2. Original samples from the MIT dataset that serve as the basis
for computing the input features of the proposed CPKD framework.
(a) and (b) QV curve and the IC curve of the battery #10, respectively.

(numbers #43–45 and #6–8) have no overlap with the training
set, which eliminates data leakage. The small yet diverse
test set also probes the model’s stability under limited-data
conditions.

We construct an input feature set that includes the variance
of the Q–V curve and the area under the IC curve. Prior
studies have shown that these descriptors correlate strongly
with battery aging [31]. For example, deformation of the Q–V
profile [see Fig. 2(a)] tracks the growth of internal resistance
and the loss of electrochemical activity, so its variance rises as
the battery ages. Shrinkage of the IC-curve area [see Fig. 2(b)]
directly signals reduced active material and poorer reaction
kinetics. Because these features encapsulate electrochemical,
material, and structural degradation mechanisms, they provide
both explanatory power and predictive value for end-of-life
(EOL) prediction.

In addition, to evaluate the generalization of the proposed
CPKD framework across battery systems, we construct a
supplementary dataset (see Table I). Specifically, we randomly
sample real-world operating data from seven EVs collected
via the new-energy vehicle health-management platform of
China Automotive Engineering Research Institute Company
Ltd. (CAERI). The EV data upload follows the Chinese
national standard GB/T 32960, with the time interval between
consecutive messages no greater than 30 s. All seven EVs are
equipped with ternary lithium-ion battery packs. The battery
packs of the EVs #1075, #1096, #1106, and #1099 adopt a
3P90S configuration (three cells in parallel per group and 90
groups in series), with a rated voltage of 329 V, a nominal
energy of 49 kWh, and a rated capacity of 160 Ah. The battery
packs of the EVs #1095, #1098, and #1108 adopt a 3P92S
configuration, with a rated voltage of 338 V, a nominal energy
of 59 kWh, and a rated capacity of 170 Ah. For each EV, the
raw data include 21 operating parameters (e.g., pack voltage,
pack current, and temperature). To meet privacy protection
and commercial confidentiality requirements and to remove
fields unrelated to this task (e.g., latitude and longitude, vehicle
brand, fault status, and sensor-probe position identifiers), we
retain 13 parameters for modeling. The statistical characteris-
tics of the retained parameters are summarized in Table I.

The online operational data from 7 EVs span up to 523
days and comprise 8 256 516 records (see Fig. 3). As the
true capacity cannot be directly obtained under natural driving
conditions, we perform offline capacity calibration for these
EVs using CAERI’s integrated charge, data acquisition, and
inspection (ICDI) equipment developed in-house (see Fig. 4).
After CAERI signs a testing cooperation agreement with
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TABLE I
KEY PARAMETERS OF REAL-WORLD VEHICLE OPERATING DATA

Fig. 3. Time span and record count of real-world vehicle operating data.

Fig. 4. Experimental setup for capacity ground-truth calibration. (a) Discharge
test environment chamber and (b) charge test environment chamber.

the vehicle owner, each vehicle is transferred to the test
facility when the SOC decreases to approximately 20%, where
standardized charge and discharge tests are conducted under
strictly controlled conditions.

Discharge tests are conducted in the CAERI discharge
laboratory [see Fig. 4(a)]. The facility integrates a chassis
dynamometer and a high-precision coulomb metering system,
enabling accurate EV discharge measurement under static
and dynamic conditions in accordance with the Chinese
national standard GB/T 18386.1. The EVs are conditioned at

25 ◦C ± 2 ◦C and 50% ± 10% relative humidity. Driving
load is reproduced on the dynamometer, and the battery pack
is discharged continuously in constant current or dynamic
load mode to SOC ≈ 0%. The test ends when the EVs
could no longer sustain 70 km/h or the instrument cluster
indicates or alarms SOC = 0%. Charge tests are conducted in
a standard environmental chamber in the charging laboratory
[see Fig. 4(b)]. Active thermal control and air circulation
suppress external disturbances and match the discharge test
environment. During charging, the ICDI equipment samples
temperature, voltage, current, and SOC at a sampling rate
of at least 10 Hz. The protocol comprises three stages. The
batteries are first charged to SOC ≈ 10% for initial parameter
identification and online update of charging constraints, then
charged at a 0.5 C in diagnostic mode for 70 min, and
finally charged to full. After a complete charge and discharge
calibration, the ICDI equipment computes the ground-truth
capacity using coulomb counting via ampere-hour integration.

Note that the capacity calibration is voluntary. Therefore,
records with capacity ground truth are uneven across vehicles.
For example, the 1098# EV provides markedly fewer ground-
truth samples than the others, indicating data sparsity (see
Fig. 3). In addition, during real-world operation, charge and
discharge counts and depths are strongly stochastic. As a
result, our data preprocessing differs from that used for the
MIT dataset. We do not segment battery sequences by charge
and discharge cycles, nor compute IC and QV features using
fixed time windows. Instead, we segment the data according
to changes in capacity ground truth and compute IC and
QV features indexed by driving mileage. To align with the
MIT feature construction protocol, IC and QV features are
generated using only total pack voltage, total pack current,
and driving mileage.
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Fig. 5. Distribution of prediction performance for the SOTA models
and proposed teacher–student models over 20 independent training runs.
(a) and (b) Half-violin plots of the AMSE and AMAE for each model,
respectively.

B. Benchmark Model Selection

In the evaluations, we compare the proposed KD framework
against state-of-the-art (SOTA) predictors, namely the tempo-
ral convolutional network (TCN) [32], the LSTM NN [33],
and the Transformer [34]. This analysis verifies both the high
predictive accuracy of the teacher model and the learnability of
the student model. Consistent with prevailing practice, mean
square error (mse) is adopted as the training loss function,
whereas RMSE and mean absolute error (MAE) are employed
as evaluation metrics.

To ensure a fair comparison, every model is trained 20
times with distinct hyperparameter settings. The training data
comprised the variance of the Q–V curve and the area under
the IC curve for 30 batteries. After training, we average the
mse and the MAE obtained for the 30 batteries, then carry
out statistical analysis. Fig. 5 presents the resulting averaged
mean squared error (AMSE) and averaged mean absolute error
(AMAE) as half-violin plots. In each half-violin, the left panel
shows individual error points. Their vertical positions represent
the true error values, while a small horizontal jitter is added
only to prevent overlap. The right panel depicts the probability
density of the same errors, where vertical extent indicates
the overall range and horizontal width reflects the degree of
concentration. A simplified box inside the density marks the
median together with the upper and lower quartiles.

The TCN in Fig. 5(a) illustrates the visualization. Under
different hyperparameter configurations, the AMSE ranges
from 3.81E-5 to 1.26E-4 (right-side distribution length) and
is concentrated between 3.81E-5 and 4.63E-5 (right-side dis-
tribution width). The median is 4.21E-5, and the first and third
quartiles are 3.92E-5 and 4.90E-5. The 15 of the 20 points lie
near 4.21E-5, which matches the peak density on the right.
Fig. 5(b) shows that the TCN MAE spans 6.52E-3 to 1.60E-
2, concentrates between 1.24E-2 and 1.46E-2, has a median
of 1.34E-2, and quartiles of 1.24E-2 and 1.46E-2. Again,
15 points cluster near 1.36E-2, confirming adequate training.
Across all models, the error distributions are approximately
normal. The teacher and TCN reach comparable maximum
AMAEs, while the TCN and LSTM NN share similar maxima
in AMSE, and the Transformer and student share another.
These similarities indicate that the comparison is balanced.
The teacher model exhibits the lowest medians in both AMSE
and AMAE, confirming its superior predictive accuracy.

Based on the independent experimental analyses, the hyper-
parameter configuration that yielded the lowest prediction error

TABLE II
OPTIMAL HYPERPARAMETERS FOR SOTA AND PROPOSED MODELS

was selected as the optimal setting for each baseline model.
The considered parameters include the input channels (IC),
output channels (OC), input sliding window size (ISWS),
hidden layer neurons (HLN), hidden layers (HL), learning rate
(LR), attention heads (AH), convolutional kernel size (CKS),
channels for working condition monitoring (CWMC), state
space dimension (SSD), batch size (BS), epochs (EP), and
optimizers (OP). The IC, OC, ISWS, BS, EP, and optimizer
for each baseline model are set to 3, 1, 10, 32, 20, and
Adam, respectively. All other hyperparameters are summarized
in Table II.

C. Knowledge Distillation

After selecting the benchmark teacher–student pair, the
proposed SPF-KD strategy is applied to distill the degradation
knowledge from the teacher into the student, enabling accurate
prediction of the RUL. To validate its effectiveness, four
SOTA distillation methods, including S-KD [27], L1-KD [28],
L2-KD [29], and KDNet [23], are implemented for com-
parison. S-KD transfers class-level probability distributions.
L1-KD and L2-KD leverage intermediate feature represen-
tations, minimizing the L1 and L2 norms of teacher and
student feature discrepancies, respectively. KDNet integrates
soft labels, hard labels, and additional knowledge via special-
ized distillation modules. By contrast, SPF-KD progressively
fuses soft labels, hard labels, latent feature maps, and recon-
structed feature maps.

During the distillation process, two hyperparameters are
tuned: the weight α in (13), which balances hard and soft
losses, and the temperature τ in (15), which smooths the
teacher’s output distribution (larger τ yields a flatter distri-
bution). Guided by prior studies, α is explored in the set
{0.1, 0.3, 0.5, 0.7} and τ ∈ {1, 3, 5, 7}. A grid search over
all 16 combinations is executed on 30 independent battery-
degradation training subsets. The AMSEs obtained from these
experiments are visualized as scatter plots with color mapping
in Fig. 6.

For example, in Fig. 6(a), the AMSE for S-KD ranges from
brown (9.21E-5) to purple (1.39E-4). Across Fig. 6(a)–(e),
the minimum AMSEs for S-KD, L1-KD, L2-KD, KDNet,
and SPF-KD are 9.21E-5, 9.56E-5, 8.93E-5, 8.82E-5, and
7.80E-5, respectively. Among the evaluated methods, S-KD,
L1-KD, and L2-KD achieve their lowest AMSE at τ = 3 and
α = 0.5. KDNet attains its minimum AMSE when τ = 5
and α = 0.5, whereas SPF-KD yields optimal performance at
τ = 3 and α = 0.3. The maximum AMSE for the first three
methods is approximately 1.35E-4, while KDNet and SPF-KD
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Fig. 6. Performance of the five KD methods under various hyperparameter settings of τ and α. (a)–(e) AMSE distributions for S-KD, L1-KD, L2-KD, KDNet,
and SPF-KD, respectively.

Fig. 7. Capacity prediction trajectories for six batteries (#6, #7, #8, #43, #44, #45) obtained using the student model are presented with predictions initiated
at three stages. (a)–(f) Predictions starting from cycle 11. (g)–(l) Predictions initiated at the mid-life stage. (m)–(r) Predictions beginning at the late-life stage.

do not exceed 1.05E-4, underscoring the benefit of feature-
level distillation. Notably, overlapping AMSE ranges among
different hyperparameter settings confirm that the comparisons
are fair. The hyperparameter pair giving the lowest error for
each method is adopted as its optimal configuration.

D. Model Performance Analysis

To validate the proposed framework, we evaluate the
recursive-prediction performance of the selected SOTA neural
networks and KD methods on six batteries (#6–8 and #43–45)
with a sliding window of ten cycles. Given that the RUL is
defined as the available time or number of cycles left before a
battery’s performance declines to its EOL threshold, typically
identified as 80% of the rated capacity, the performance of
RUL prediction ultimately hinges on the accuracy of capacity
prediction. Building upon the conventional RUL definition
(i.e., RUL = TEOL − Tcurrent), we adopt a more intuitive
formulation, as proposed in [35], to facilitate interpretability

RUL = Qcurrent (c) − QEOL (c) . (16)

Here, Qcurrent(c) denotes the actual capacity of the battery at
the cth cycle, and QEOL(c) represents the predefined capacity
degradation threshold. Accordingly, we employ RMSE and
mean absolute error MAE as evaluation metrics to assess the
effectiveness of different prediction methods.

The capacity-fade trajectories predicted by the student
model distilled through the SPF-KD strategy are presented

for all six test batteries in Fig. 7(a)–(r). In the most data-
scarce scenario, with predictions initiated at cycle 11 [see
Fig. 7(a)–(f)], the student model effectively captures degra-
dation trends and achieves reasonable accuracy. Due to the
recursive sliding-window prediction scheme, cumulative errors
induce deviations beyond the 95% confidence interval at later
stages. However, the condition-monitoring module coupled
with SPF-KD constrains these deviations, realigning the true
capacity within the confidence bounds, as validated by subse-
quent ablation studies. Predictive accuracy improves notably
with increased historical data. Fig. 7(g)–(r) correspond to pre-
dictions initiated at one-third and two-thirds of the batteries’
lifetimes, respectively. For batteries #43–45 and #6, prediction
windows start at cycles 200 and 400, while for batteries #7
and #8, they start at cycles 250 and 500. Apart from battery
#7 in Fig. 7(h), all measured capacities remain within the 95%
confidence intervals, and by cycle 400 [see Fig. 7(n)] battery
#7 is also included.

To thoroughly evaluate the performance of SOTA models,
teacher models, and student models trained with various KD
strategies at different prediction start points, Fig. 8 displays
radar plots of RMSE and MAE distributions across six bat-
tery datasets. Notably, the results of the TCN, LSTM NN,
and Transformer are included to demonstrate the feasibility
of the teacher model and the baseline student model. The
performance of student models derived with S-KD, L1-KD,
L2-KD, and KDNet serves to verify the effectiveness of the
proposed SPF-KD strategy.
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Fig. 8. Radar plot comparison of RMSE and MAE distributions for SOTA, teacher, and distilled student models at different prediction start points.
(a)–(c) RMSE distributions and (d)–(f) MAE distributions, respectively.

TABLE III
RMSES OF DIFFERENT MODELS ON MIT DATASET

Each axis in the radar plots corresponds to one battery, with
the scale for RMSE or MAE decreasing uniformly by 0.01
from the center outward. Each colored polyline represents
the distribution of RMSE or MAE across the six datasets
for a specific model. A line closer to the periphery indicates
lower error and thus better performance. For instance, in
Fig. 8(a), the teacher model exhibits the lowest RMSE on most
datasets, with its line residing near the outermost region except
for battery #6 and battery #45, indicating superior overall
performance. It also shows that the student model trained with
SPF-KD achieves the second-best performance in aggregate.
Importantly, as shown in Fig. 8(a)–(c), the polylines for all
compared models tend to shift outward as the prediction start
point moves further along the cycling trajectory, demonstrating
a consistent trend of decreasing RMSE with later prediction
initiation. This trend aligns with the error evolution observed
in Fig. 7(g)–(r). Particularly, the student model trained with
SPF-KD attains performance comparable to the teacher model
on battery #8 and battery #45, and even outperforms it on
battery #6. Similar conclusions can be drawn from the MAE
distributions shown in Fig. 8(d)–(f).

To provide a more detailed assessment of the predictive
accuracy of each model, the specific values of RMSE cor-
responding to the radar plots in Fig. 8(c) and (f) are presented
in Table III. The teacher model consistently achieves lower
RMSE and MAE than TCN, LSTM, and Transformer across
all six batteries, demonstrating its superior predictive accuracy.
The baseline student model yields an ARMSE of 3.31E-2.
Although this error is higher than those of the three reference
SOTA prediction models, both metrics remain within the 10−2

order of magnitude, indicating that the baseline student model
possesses adequate learning capacity. Furthermore, the student

model distilled using the proposed SPF-KD strategy achieves
lower ARMSE than all comparison models, including TCN,
LSTM, Transformer, and student models trained with S-KD,
L1-KD, L2-KD, and KDNet. Notably, this student model
achieves an ARMSE of 0.0163, corresponding to 99.66% of
the teacher model’s ARMSE. These results confirm that the
proposed KD strategy enables the student model to effec-
tively absorb accuracy-aware degradation knowledge from the
teacher model, leading to high-fidelity prediction performance.

To further assess the generalization capability of the CPKD
framework across different battery chemistries, we performed
supplementary cross-domain validation using operating data
from traction batteries in real vehicles. Note that the student
model based on neural networks inherently relies on the
training data to learn the mapping between inputs and outputs,
and its generalization performance is highly dependent on
the operating conditions and data distribution represented
there. Due to pronounced differences in battery type, load
characteristics, temperature, and usage or aging patterns, the
MIT dataset collected under tightly controlled laboratory con-
ditions shows a substantial distribution shift from the real
vehicle operating data obtained in complex environments.
Under such circumstances, directly deploying the current
student model to another battery chemistry or testing protocol
is unlikely to yield reliable predictions. A more appropriate
strategy is to retrain the model end-to-end using data from the
target application scenario, and thereby obtain a new student
model which is tailored to that scenario.

On the basis of these considerations, we retrain and eval-
uate the teacher and student models in the proposed CPKD
framework in an end-to-end manner on the real-world vehicle
operating dataset. For the dataset partitioning, we use records
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Fig. 9. Joint distributions between the ground-truth and predicted capacities, together with the predictive AEs, for different models on EV operating data.
(a)–(e) EV#1075 and, in order, the LSTM NN, TCN, Transformer, the teacher model, and the student model distilled via SPF-KD. (f)–(j) EV#1095 and
(k)–(o) EV#1108, with the same model order.

from EVs #1096, #1098, #1099, and #1106 for training, and
records from EVs #1075, #1095, and #1108 for testing. Both
the training and test sets cover two battery pack series parallel
configurations, 3P92S and 3P90S. For feature extraction, we
follow the feature extraction procedure previously used on
the MIT dataset, adapted to the characteristics of real-world
vehicle operating data, and obtain the area of the IC curve
and the variance of the QV curve. Specifically, we segment
the raw data according to changes in the ground-truth capacity
and construct the IC and QV curves using driving mileage as
the index. We then compute the two features with the same
mileage index and feed them into the CPKD framework for
training and testing.

To ensure a relatively fair comparison, we adopt the
following experimental protocol. Across the SOTA models
(TCN, LSTM NN, and Transformer), the teacher and student
models, and the distillation variants (S-KD, L1-KD, L2-KD,
KDNet, and SPF-KD), we strictly follow the architectures and
hyperparameter configurations in Table II, adjusting only the
LR. We then perform ten independent end-to-end runs on
the training set to identify the optimal LR for each model,
which is 8.0E-3 for TCN, 7.0E-3 for LSTM NN, 1.2E-3
for Transformer, 1.0E-3 for the teacher, and 1.0E-6 for the
student. For distillation hyperparameters, we use the optimal
configuration obtained by grid search in the MIT dataset
experiments. In SPF-KD, τ is set to 3 and α is set to 0.3, while
the other distillation methods use the corresponding optimal
parameter combinations reported above.

Because the truth capacity in the battery pack data collected
from 7 EVs does not decay to 80% of the rated capacity, the
full life degradation trajectory of the packs cannot be assessed.
Under this constraint, the test phase follows the protocol used
in the MIT dataset by placing the prediction start in the late life
stage. Specifically, the first 80% of data from each EV is used
as the test input, namely the first 584 samples of EV#1075,
the first 292 samples of EV#1095, and the first 384 samples
of EV#1108, while the remaining data serve as the reference
ground truth, namely the last 146 samples of EV#1075, the last
73 samples of EV#1095, and the last 97 samples of EV#1108.
It should be emphasized that the samples defined here are
conceptually distinct from the data records described above.
Each sample comprises QV and IC features, both calculated
as functions of mileage. Because the data are segmented
by capacity variation, the mileage segments associated with
different vehicles are not identical. Further details are provided
in the publicly available dataset released with this study.
The prediction results of the compared models, the proposed
teacher model, and the lightweight student models obtained
with different distillation methods are shown in Fig. 9.

As shown in Fig. 9(d), (i), and (n), the teacher model
achieves R2 values of 0.9903, 0.9918, and 0.9955 on EV#1075,
EV#1095, and EV#1108, respectively. The predicted and
ground-truth capacity pairs cluster tightly around the diagonal
reference line, and most points exhibit minimal deviation,
indicated by blue colors corresponding to low absolute
error, demonstrating high prediction accuracy. In contrast, the
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TABLE IV

RMSES OF DIFFERENT MODELS ON THE REAL-WORLD EV DATASET

TABLE V

PREDICTION RMSES OF THE STUDENT MODEL WITH DIFFERENT INPUT
FEATURES UNDER EV OPERATING CONDITIONS

student model shows a moderately broader scatter distribution
with more orange and red points, yet it still attains R2 values
of 0.778, 0.911, and 0.8955 on the three EV test sets. Overall,
it outperforms LSTM NN and TCN, and it is only inferior to
the Transformer on EV#1075. These results indicate that the
student model derived from the CPKD framework effectively
learns and inherits the predictive capability of the teacher
model.

To further compare different models and distillation methods
from the perspective of quantitative error, Table IV reports
the RMSE on the three EV battery pack test sets. As seen
in Table IV, the teacher model delivers markedly better
performance than all compared models, achieving the lowest
ARMSE of 0.0305. Meanwhile, the candidate student model
without distillation still shows substantial room for improve-
ment, with an ARMSE of 0.0777, which remains far worse
than the teacher model. Among the compared distillation
strategies, SPF-KD performs best, yielding ARMSE values of
0.0398 for #1075, 0.0301 for #1095, and 0.0429 for #1108,
with an ARMSE of 0.0384. In particular, on EV#1095, SPF-
KD reduces the ARMSE to 0.0301, which approaches the
teacher model result of 0.0250, indicating that this strategy
transfers the key knowledge of the teacher model to the
lightweight student model with high efficiency.

To assess the robustness of the proposed CPKD framework
with respect to different input features, we conducted three
additional comparative experiments across input feature sets
on the final selected student model using the EV dataset,
as summarized in Table V. We focus on the student model
because it is obtained via distillation from the teacher model
and directly inherits its performance. Therefore, the robust-
ness of the student model can serve as a proxy for the
robustness of the teacher model, thereby reflecting the overall
robustness of the CPKD framework. The evaluated feature

sets include charge–discharge current I and charge–discharge
voltage V , IC features only as IC area, QV features only
as QV var, and the combination of IC area and QV var.
The results show that IC area and QV var yield comparable
ARMSE when used individually, and both outperform the
configuration using I and V . When QV var and IC area
are used jointly, the ARMSE reaches the minimum value
of 0.0384, further supporting the conclusion reported in the
literature [31].

E. Ablation Study

To rigorously assess the efficacy of the proposed CPKD
framework in capturing battery degradation dynamics under
lightweight constraints, we conduct a series of ablation studies
on the MIT dataset by systematically deactivating or replacing
individual modules and evaluating the resulting model vari-
ants. Specifically, the teacher side ablation experiments are
designed to assess the effectiveness of the CVAE composed
of two MCFR modules. In essence, the MCFR module alone is
structurally a standard variational autoencoder (VAE). The first
VAE module provides the conditional component for feature
reconstruction and is called the MCFR-I module for clarity.
The second VAE module, namely the MCFR-II module, acts
as the prediction head. Although the encoder and decoder in
a VAE can be instantiated with MLP, LSTM, or Transformer
backbones, we adopt MLPs as the backbone in practice. This
design is supported by controlled comparisons in which all
MLPs are replaced with Transformers, as well as by abla-
tion results obtained by removing the MCFR-I module. For
alignment, the complete teacher model is denoted as CVAE
Mamba@MLP and is used as the reference baseline for teacher
ablations. To ensure a fair ablation study, MCFR-I, MCFR-II,
and the Transformer adopted an identical network topology,
with an encoder of [HL = 3,HLN1 = 32,HLN2 = 16,HLN3 =

8] and a decoder of [HL = 3,HLN1 = 8,HLN2 = 16,HLN3 =

32]. Student model ablations are designed to quantify the
contribution of each component to three core capabilities,
including inference of operating conditions associated with
degradation, extraction of degradation-relevant features, and
modeling of the long-short-term temporal dependencies intrin-
sic to the degradation trajectory. For consistency, the complete
student model is denoted as CM-CVAE@1. When distilled
using the proposed SPF-KD strategy, it yields the base-
line lightweight variant CM-CVAE@1 + SPF-KD@1, which
serves as the reference point for subsequent comparisons.

1) Effect of the CVAE Backbone: Replacing the backbone
of all encoders and decoders in the two MCFR modules
with a Transformer (CVAE Mamba@T) substantially
increases FLOPs, parameters, and inference latency,
while ARMSE (see Table VI) shows no significant
reduction relative to the selected teacher model (CVAE
Mamba@MLP). This is attributable to the O(L2) com-
plexity of Transformer self-attention and the O(Ld2)
complexity of the feedforward network, together with
an O(d2) parameter scaling, which collectively inflate
FLOPs and model size. Here, L denotes the number
of tokens, and d denotes the model dimension. Fur-
thermore, the teacher model already integrates Mamba
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TABLE VI

ABLATION STUDY RESULTS OF KEY MODULES
IN THE CPKD FRAMEWORK

with multihead self-attention to capture long-range
dependencies in battery operating condition data. There-
fore, further Transformerization of CVAE offers limited
marginal benefit in ARMSE and can even degrade
ARMSE due to increased training difficulty and elevated
overfitting risk.

2) Effect of the Conditional Module in CVAE: Removing
MCFR-I while retaining only MCFR-II yields an archi-
tecture equivalent to a single VAE, denoted as CVAE
Mamba@VAE. The results indicate that using only a
single VAE reduces the first layer connectivity of the
CVAE, yielding modest decreases in FLOPs, parameter
count, and inference time (see Table VI). However, this
ablation removes the additional discriminative informa-
tion provided by the other VAE in the CVAE, weakening
the ability of the latent variables to distinguish different
operating conditions. This is equivalent to forcing the
teacher model to rely on MCFR-II to explain variations
originally captured by MCFR-I, leading to a pronounced
increase in ARMSE.

3) Effect of the DCM Module: Excluding the DCM module
(DCM@0) while retaining AEFE, CCFR, and DADP
under SPF-KD@0 results in higher inference speed but
significantly reduced accuracy (see Table VI). This high-
lights the DCM module’s role in interpreting operating
conditions and adaptively emphasizing salient features,
thereby enhancing representational capacity and predic-
tion accuracy.

4) Effect of the Clustering Component in the DCM Module:
Under the nondistilled setting (SPFKD@0), removing
the cluster component from the DCM module leaves
the student model’s FLOPs, parameters, and inference
latency largely unchanged, but increases ARMSE rela-
tive to the complete student model (CM CVAE@1 +

SPFKD@0). This degradation arises because, without
clustering, the operating condition information implic-
itly embedded in randomly sampled training data is
indiscriminately routed to the gating component, which
cannot effectively impose operating condition priors to
guide condition monitoring channels toward targeted
learning. As a result, condition-related supervisory sig-
nals are diluted, and the uncertainty of learning condition
representations increases, raising the risk of insufficient

learning for specific operating conditions and conse-
quently impairing generalization.

5) Effect of the Gating Component in the DCM Mod-
ule: Removing the gating component from the DCM
module without distillation (SPFKD@0) keeps the stu-
dent model’s FLOPs, parameters, and inference latency
unchanged, but markedly increases ARMSE compared
with the complete student model (CM-CVAE@1 +

SPFKD@0). This occurs because when the gating com-
ponent is deactivated, the clustering component defaults
to forwarding only the top-ranked operating condition
information to the condition monitoring channel, thereby
suppressing representations from other operating con-
ditions. Consequently, the student model overfits to
a subset of operating conditions, substantially degrad-
ing cross-condition generalization and even causing
ARMSE to exceed that of the variant without the DCM
module (DCM@0).

6) Effect of the CCFR Module: Removing CCFR
(CCFR@0) while preserving AEFE, DCM, and DADP
under SPF-KD@0 decreases model complexity but also
degrades performance. This suggests that CCFR is
critical for aligning reconstructed features with their
true degradation patterns, thereby supporting accurate
prognostics.

7) Effect of the SPF-KD Strategy: Eliminating SPF-KD
from the full model (CM-CVAE@1 + SPF-KD@0)
leaves the computational cost unchanged, but causes a
notable drop in accuracy (see Table VI). This confirms
that SPF-KD effectively transfers the teacher model’s
ability to model both short- and long-term degradation
dynamics, which is essential for maintaining high pre-
dictive fidelity.

8) Effect of the SPF-KD Sequence: After swapping the
order of FD and KD in SPF-KD (CM-CVAE@1 +

SPF-KD@¬), the computational cost and memory
footprint remain unchanged. The prediction accuracy,
however, decreases markedly, and the GPU inference
time increases slightly. This modification is analogous
to imposing large changes on the intermediate layers of
an already converged model, which can easily disrupt the
learned decision boundaries and entails a considerable
risk of overall performance degradation.

Furthermore, comparison between the CCFR@0 + SPF-
KD@0 and CM-CVAE@1 + SPF-KD@0 configurations
shows that incorporating the CCFR module reduces the pre-
diction error from 0.0404 to 0.0331, indicating a substantial
improvement in student model accuracy. In fact, the CCFR
module compresses the 32-D global monitoring features from
the DCM module into 8-D local latent variables through a
32-channel encoder. These latent variables contain rich battery
degradation information and strongly support the predictions
of the student model. To quantify their contributions, we
employ Shapley Additive exPlanations (SHAP) and compute
the weighted average marginal contribution (AMC) of each
channel feature using the following equation, thereby clarify-
ing how global monitoring features and local latent features
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Fig. 10. SHAP interpretation of global monitoring features and local
latent variables. (a) and (b) ACM violin plots for 32-channel global features
and eight-channel local latent variables. (c) and (d) Channelwise contribution
heatmaps for the top-10 channels of global features and all local latent vari-
ables.

affect capacity prediction:

φi j =
X

S⊆F\{ j}

ω (S )
�

f (S ∪ { j} , xi) − f (S , xi)
�

(17)

where φi j denotes the AMC of feature j to the ith capacity
prediction over all possible feature combinations. The variable
xi denotes the test data used in the ith experiment with a
fixed time window. The set F represents all features, and
S is a subset of F that does not contain feature j. The
function f (S , xi) denotes the capacity prediction when only the
feature subset S is provided to the student model. The Shapley
weight is ω(S ) = |S |! (|F| − |S | − 1)!/|F|!, which represents
the probability that, among all permutations of the features,
the subset S is exactly the set of features that appear before
feature j. In this expression, |S |! is the number of possible
permutations of the features within S , (|F| − |S | − 1)! is the
number of permutations of the remaining features that follow
feature j, and |F|! is the total number of permutations of all
|F| features.

Specifically, based on the complete test trajectories starting
from the late life prediction onset shown in Fig. 7(m)–(r)
(totaling 1579 samples), we randomly selected 30 test records
(180 samples) from each channel to assess the interpretability
of the global monitoring features and the local latent variables.
Using (17), we compute the AMC of each channel for both
feature types, and obtain the channelwise SHAP distributions
shown in Fig. 10(a) and (b) using SHAP violin plots. As shown
in Fig. 10(a), the SHAP values of most channels are tightly
concentrated around zero, indicating substantial redundancy
with near-zero contribution in the global monitoring space.

A small number of channels exhibit broader distributions with
longer tails. Among them, C5 shows the largest spread and
the most pronounced positive tail, indicating that in some
samples this channel increases the prediction relative to the
prediction baseline, defined as the expected model output over
the background set (φi j > 0). Meanwhile, C5 also includes
samples with negative contributions (φi j < 0), suggesting that
the same channel can exert opposite effects under different
operating conditions. Similarly, nine channels, including C15
and C26, exhibit larger absolute AMC values and markedly
wider ranges than the remaining channels, forming a subset
with stronger contributions to the model prediction. In con-
trast, the local latent variables in Fig. 10(b) show stronger
sparsity. Except for C2, C3, and C4, the remaining latent
channels, such as C0, C1, C5, C6, and C7, lie close to zero
with negligible contributions, indicating that the CCFR module
further concentrates operating condition information into fewer
local latent dimensions.

To further examine the temporal contributions of each
channel for both feature types, we plotted heat maps over
channels and time steps across 30 runs with a prediction
window of 10 time steps, as shown in Fig. 10(c) and (d).
For readability, Fig. 10(c) presents only the Top-10 channels
ranked in Fig. 10(a). Fig. 10(c) shows that the importance
of the global monitoring features is strongly selective in time
rather than uniformly distributed across all time steps. For
example, C5 exhibits its strongest positive mean contribution
at T5, approximately 0.0007 while showing a clear negative
contribution at T3, approximately −0.0003. C4 also shows
a strong positive contribution at T5, approximately 0.0003,
whereas C26 exhibits moderate positive contributions at posi-
tions such as T2 and T7, approximately 0.0002. Overall, the
model is mainly driven by a few key channels at a few
critical time steps. Fig. 10(d) further reveals the dominant
latent channels and their temporal structure. Most notably,
C4 reaches the global maximum positive mean SHAP at T3,
approximately 0.0008, and maintains positive contributions of
approximately 0.0004 and 0.0003 at T1 and T2, respectively.
It then switches to a pronounced negative contribution at T4,
approximately −0.0005, indicating a dynamic sign reversal
at a critical time point. By contrast, C2 is predominantly
negative in the early time steps, with mean contributions of
approximately −0.0005 at T0 and −0.0004 at both T2 and
T4. It exhibits only weak positive contributions at a few
instants, for example, approximately 0.0002 at T1. C3 mostly
exhibits moderate positive contributions, with a small number
of negative instances at T0 and T1. These results indicate that
the latent variables not only compress information, but also
encode the temporal segments most sensitive to prediction
more selectively within a small number of latent channels.

In summary, the analysis of Fig. 10 indicates that the
CCFR module compresses the global monitoring features and
aggregates degradation-related information, yielding a sparser
and more concentrated distribution of channel importance
while preserving temporal selectivity at key time steps. This
capability plays a critical role in high-accuracy capacity
prediction.
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TABLE VII

COMPARE THE MODEL COMPLEXITY IN THE RUL PREDICTION TASK

Fig. 11. Model lightweight deployment: (a) and (b) embedded platform setup
and performance bubble chart postdeployment, respectively.

F. Lightweight Deployment of the Model

Deploying neural network-based battery RUL algorithms
with strong generalization on onboard battery management
systems (BMSs) is an enduring industrial demand, yet remains
challenging under the hardware constraints of mass pro-
duction. Current EV BMSs typically comprise a battery
management unit (BMU), a cell monitoring unit (CMU), and
a battery disconnect unit (BDU). Their computing platform is
centered on an automotive functional safety BMU and lacks AI
accelerators, such as GPUs or NPUs. For example, the Infineon
AURIX TC3x provides, on the BMU side, about 300 MHz per
core with up to six cores, no more than 16 MB of Flash, and
slightly above 6 MB of on-chip RAM, which is insufficient for
the compute and memory footprint required for deep model
inference.

Two routes have emerged to mitigate the onboard compute
bottleneck. The first relies on vehicle and cloud collaboration,
uploading BMS data to the cloud for AI-based evaluation to
deliver AI-enabled BMS functionality. The second, aligned
with next-generation electrical and electronic architectures
dominated by central computing and domain controllers,
migrates core BMS computation to GPU or NPU platforms.
Peak throughput of central computing platforms can reach
about 254 TOPS, yet the compute budget available for AI
battery health management is about 2 TOPS once competing
workloads such as automated driving, human–vehicle inter-
action, and vehicle-body control are considered. Under these
constraints, we use an NVIDIA Jetson TX2 to emulate a next-
generation onboard BMS runtime environment and deploy a
lightweight RUL prediction model on this platform. The TX2
integrates a 256-core Pascal GPU, a 1.92 GHz quad-core Arm
Cortex A57 CPU, and 8 GB LPDDR4 memory, providing
a peak AI throughput of about 1.26 TFLOPS, as shown in
Fig. 11(a).

For fair benchmarking, the teacher model and SOTA base-
lines with the highest accuracy are evaluated on the same
hardware. Table VII reports inference latencies on EP-CPU

and EP-GPU. It also summarizes FLOPs and parameter counts
(computed on a standard PC), as well as the memory footprint
and power consumption (measured on the TX2). As shown
in Table VII, the student model yields a memory footprint of
270.1 MB and a power draw of 2.85 W, both the lowest among
all methods. To visualize overall performance, Table VII data
are presented in a bubble plot [see Fig. 11(b)], where bubble
size and color encode parameter count and FLOPs, respec-
tively. The proposed model, depicted as a small red bubble
in the lower left quadrant, demonstrates the most favorable
tradeoff between efficiency and accuracy.

IV. CONCLUSION

This study proposes a CPKD framework aiming at effi-
cient compression and lightweight generation of high-accuracy
RUL prediction models for lithium-ion batteries. Specifically,
the CVAE-Mamba teacher model performs high-order com-
pression and reconstruction of local and global degradation
features. By incorporating a loss function that captures feature
dependency information, the model is guided to learn the
intrinsic structure and evolutionary patterns of the degradation
process in the latent space, allowing for precise RUL predic-
tion. The CM-CVAE student model monitors battery operating
conditions through unsupervised clustering and a dual-path
gating mechanism. By collaboratively adjusting two gating
weights to activate a multichannel feature extractor composed
of DSCs, the model enhances its perception and extraction
of multicondition features, enabling accurate modeling and
understanding of complex degradation processes. The SPF-KD
strategy directs the student model to learn degradation features,
reconstruction information, and predictive capabilities from the
teacher model, achieving high-fidelity knowledge transfer to
the lightweight student model. Numerical experiments demon-
strate that the proposed distillation framework significantly
improves inference speed on edge devices (EP-GPU Latency =

13.88 ms) while maintaining prediction accuracy (ARMSE =

0.0163). This work provides an efficient and practical solution
for battery RUL prediction.

Although the proposed CPKD framework delivers strong
predictive performance across multiple datasets, its effective-
ness depends on the availability of sufficient source domain
data. In practical deployment, where target domain data are
often scarce and distribution shifts are common, the distillation
performance may deteriorate. Future work may incorporate
domain adaptation and meta-learning to enable rapid finetun-
ing of the student model with limited target domain samples.
In parallel, federated learning could be explored to aggregate
battery data from multiple sources under privacy-preserving
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settings, thereby enhancing the model’s cross-domain trans-
fer capability across different battery types and operating
scenarios.
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