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Abstract

The multi-lead electrocardiogram (ECG) stands as a cor-
nerstone of cardiac diagnosis. Recent strides in electrocar-
diogram self-supervised learning (eSSL) have brightened
prospects for enhancing representation learning without re-
lying on high-quality annotations. Yet earlier eSSL meth-
ods suffer a key limitation: they focus on consistent patterns
across leads and beats, overlooking the inherent differences in
heartbeats rooted in cardiac conduction processes, while sub-
tle but significant variations carry unique physiological sig-
natures. Moreover, representation learning for ECG analysis
should align with ECG diagnostic guidelines, which progress
from individual heartbeats to single leads and ultimately to
lead combinations. This sequential logic, however, is often
neglected when applying pre-trained models to downstream
tasks. To address these gaps, we propose CLEAR-HUG, a
two-stage framework designed to capture subtle variations in
cardiac conduction across leads while adhering to ECG di-
agnostic guidelines. In the first stage, we introduce an eSSL
model termed Conduction-LEAd Reconstructor (CLEAR),
which captures both specific variations and general common-
alities across heartbeats. Treating each heartbeat as a distinct
entity, CLEAR employs a simple yet effective sparse atten-
tion mechanism to reconstruct signals without interference
from other heartbeats. In the second stage, we implement
a Hierarchical lead-Unified Group head (HUG) for disease
diagnosis, mirroring clinical workflow. Experimental results
across six tasks show a 6.84% improvement, validating the
effectiveness of CLEAR-HUG. This highlights its ability to
enhance representations of cardiac conduction and align pat-
terns with expert diagnostic guidelines.

Code — https://github.com/Ashespt/CLEAR-HUG
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Figure 1: Cardiac conduction and the relationship between
the 12 ECG leads: (1) Electrical activity propagates through
the heart (a) and reflects on the 12 leads in the same time
window (b). (2) The 12 leads capture the heart’s electrical
activity from different views (c).

Introduction
ECG plays a crucial role in the diagnosis of various cardiac
conditions (Berkaya et al. 2018; Auer et al. 2012). In re-
cent years, AI-assisted ECG analysis has demonstrated sig-
nificant potential in enhancing diagnostic accuracy (Zhou
et al. 2024; Poterucha et al. 2025) and enabling real-time
ECG monitoring (Xia, Asif, and Zhao 2013; Alimbayeva
et al. 2024). To leverage large-scale unannotated data while
addressing the dependency on expert knowledge and high-
quality annotations, recent advances in ECG self-supervised
learning (eSSL) (Na et al. 2024a; Jin et al. 2025) have en-
hanced ECG signal analysis.

Self-supervised learning (SSL) methods for medical data
can be divided into two approaches: contrastive learn-
ing (Pan et al. 2025; Wu, Zhuang, and Chen 2024) and
generative learning (Wang et al. 2023b; Hatamizadeh et al.
2021). Advanced eSSL methods build on these techniques
by incorporating spatial and temporal priors to improve rep-
resentation power (Na et al. 2024a; Zhang et al. 2022).
For instance, ST-MEM uses a lead-wise shared decoder for
better lead differentiation (Na et al. 2024a), while (Zhang
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et al. 2023) applies cross-reconstruction across time and fre-
quency domains. These methods typically partition signals
uniformly, whereas HeartLang (Jin et al. 2025) partitions
signals by heartbeats, treating them like words in language
models.

While existing methods demonstrate promising perfor-
mance, they primarily focus on consistent patterns across
leads and beats, which leads to the following two failure
cases: (1) Occasional anomalies. For some abnormal car-
diac conditions, the corresponding ECG signals lack con-
sistently periodic or cyclic patterns. For instance, ventricu-
lar premature beats are characterized by abnormal contrac-
tions that arise prematurely within the cardiac cycle. These
beats do not repeat consistently in every heartbeat and ap-
pear sporadically. (2) Various focuses of leads across dif-
ferent diseases. For example, premature ventricular con-
tractions (PVCs) are characterized by premature, wide QRS
complexes without a preceding P wave, typically seen in
leads V1 and V2. Right bundle branch block (RBBB), on
the other hand, shows an RSR’ pattern in V1 and a broad R
wave in V6, highlighting the focus on different lead combi-
nations for diagnosis.

The aforementioned cases can be summarized as two
problems: 1) the heartbeat- and lead-specific variations; 2)
diagnosis-driven lead combination. To address these chal-
lenges, we reformulate the ECG recording process from the
perspective of cardiac conduction and propose a two-stage
framework for learning representations progressively, first
from heartbeats to leads at the pretraining stage and then
from leads to their combinations at the finetuning stage.

During the pretraining stage, the relation between heart-
beats and leads serves as auxiliary information. Specifi-
cally, as shown in Fig. 1 (1) and (2), this information pri-
marily exhibits two characteristics: (1) the 12 leads corre-
sponding to the same heartbeat share the same time win-
dow and the same electrical activity, which enables them to
provide complementary views of the heart’s electrical ac-
tivity to each other; (2) it can be observed that a single
heartbeat consists of signals in two dimensions: heartbeat-
specific and lead-specific, which leads to our assumption
of conduction-guided and view-guided information. Based
on the observation, we propose a reconstruction framework,
termed Conduction-LEAd Reconstructor (CLEAR), which
aims to learn meaningful representations through recover-
ing the signal of a heartbeat by utilizing both conduction-
guided and view-guided information. Particularly, we pro-
pose a sparse attention mechanism with a tailored attention
mask to highlight the conduction-guided and view-guided
information through the reconstruction.

In the finetuning stage, the design of our method is guided
by the clinical diagnosis workflow, enhancing the explain-
ability of our model. As per the established ECG analy-
sis guidelines (Kligfield et al. 2007), cardiac conditions are
diagnosed at multiple levels: individual heartbeats, single-
lead signals, and combinations of leads, which motivates us
to design a multi-level linear model for specific diagnosis
tasks. Specifically, we propose to integrate the representa-
tions learned from different lead combinations through vari-
ous groups of linear models, which is termed as Hierarchical

lead-Unified Group (HUG) head. By simulating the clinical
diagnosis, this design demonstrates more promising experi-
mental results compared with conventional methods.

As mentioned above, each stage in our framework is moti-
vated by a novel and reasonable insight. Therefore, the main
contributions of this paper are threefold:

(1) Pretraining stage: We introduce the concept of
conduction-guided and view-guided information during pre-
training, observed on the relationship between heartbeats
and leads. Based on the insight, we propose a novel eSSL
framework, CLEAR, to learn meaningful representations
with conduction-guided and view-guided information.

(2) Finetuning stage: We introduce a novel design in-
spired by the clinical diagnostic workflow to better align
model finetuning with ECG analysis guidelines. Based on
the design, we propose a linear model HUG to learn integral
representations from different lead combinations.

(3) Experimental improvements: Our method outperforms
state-of-the-art (SOTA) techniques across 6 datasets, with
an average improvement of 6.8%. Notably, CLEAR-HUG
achieved an 8.25% improvement under 1% of the training
data, highlighting its strong potential for few-shot transfer.
The code will be available upon publication.

Related Work
Self-supervised Learning. Current self-supervised learning
(SSL) methods can be classified into contrastive-based and
reconstruction-based methods. For the contrastive-learning
paradigm, SimCLR (Chen et al. 2020) focuses on learn-
ing representations by maximizing agreement between aug-
mented views of the same data instance and minimizing
agreement between different instances. On the other hand,
BYOL (Grill et al. 2020) enhances contrastive learning by
eliminating the need for negative samples, leveraging a boot-
strap mechanism. Similarly, SimSiam (Chen and He 2021)
avoids the use of negative pairs entirely and instead fo-
cuses on a simple predictor network to learn useful repre-
sentations. In contrast, MoCo-v3 (Chen, Xie, and He 2021)
incorporates momentum encoders and dynamic dictionar-
ies to further refine the learning of representations. While
contrastive-based methods heavily rely on data augmenta-
tions, masked autoencoder (MAE) (He et al. 2022) follows
a different approach, learning meaningful image representa-
tions by reconstructing missing or masked parts of the input
data.

Self-supervised Learning For ECG Signals. ESSL has
made significant strides in recent years, with methods pri-
marily falling into contrastive learning and generative ap-
proaches. CLOCS (Kiyasseh, Zhu, and Clifton 2021) uti-
lizes multi-lead ECG temporal alignment to create positive
pairs, while TS-TCC (Eldele et al. 2021) introduces tem-
poral contrastive strategies, excelling in ECG classification
tasks. Unlike contrastive learning, generative methods learn
representations through reconstruction tasks. ST-MEM (Na
et al. 2024a) treats ECG as a spatiotemporal 2D signal for
joint masking, while CRT (Zhang et al. 2023) performs
cross-domain reconstruction in both time and frequency do-
mains. Recently, HeartLang (Jin et al. 2025) proposes that
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partitioning ECG signals following the heartbeat and learn-
ing it with heartbeat vocabulary. These approaches directly
model data distributions and tend to learn global representa-
tions across all leads. In contrast, our work focuses on mod-
eling the cardiac conduction, which carries unique physio-
logical signatures.

Insights from Cardiac Conduction
This section outlines ECG pattern insights and clinical
guidelines for ECG diagnosis based on cardiac conduction
features, which form our method’s foundation. We define
notations for a 12-lead ECG, though our approach is appli-
cable to ECGs with any number of leads.
Insight from ECG Patterns. Based on the cyclic pattern
of heartbeats and the principles of ECG signal acquisi-
tion (Mirvis and Goldberger 2001), ECG signals exhibit
inter-lead heartbeat conduction synchronization (Fig. 1 (1))
and intra-lead heterogeneity (Fig. 1 (2)). Specifically, during
a single heartbeat, the ECG signals recorded by the 12 leads
{Li}12i=1 are derived from the same physiological process
(one cardiac conduction), capturing the electrical activities
of the heart at different views. Within the j-th heartbeat sig-
nal bji of the i-th lead, the formulations of the signals from
the information of two perspectives are presented as follows:

(1) Conduction-guided perspective: The information Ic
originates from the same heartbeat conduction, reflecting the
temporal synchronization shared across all leads during the
j-th heartbeat. Thus, the set of signals across all leads within
the j-th heartbeat can be denoted as Bj = {bji}12i=1.

(2) View-guided perspective: The information Iv captures
the spatial heterogeneity among leads, where each lead Li

provides a distinct view of cardiac activity across all sam-
pled heartbeats. The set of signals within the lead Li can
be denoted as Bi = {bji}Nj=1, where N represents the total
number of sampled heartbeats.
The lead combination guidelines of ECG diagnosis. Con-
sidering ECG diagnosis tasks T , some tasks can be ad-
dressed using single-lead signals, while others require the in-
tegration of information across multiple leads. According to
the recommendations for the standardization and interpreta-
tion of ECG (Kligfield et al. 2007), the 12 leads can be cate-
gorized into three groups: the first group G1 = {I, II, III}
consists of bipolar limb leads; the second group G2 =
{aVR, aVL, aVF} comprises unipolar augmented limb
leads; and the third group G3 = {V1,V2,V3,V4,V5,V6}
includes the precordial leads. More details can be found
in the Appendix. To emulate the diagnostic reasoning of
clinicians, we propose a hierarchical and explainable model
structure in the following section to enhance diagnostic per-
formance during the fine-tuning stage.

Method
Similar to previous SSL methods (Tsai et al. 2020; Wang
et al. 2022), we divide representation learning into two
stages: (1) pretraining to learn individual lead representa-
tions, and (2) fine-tuning to learn task-driven representations
of lead combinations, simulating the diagnosis workflow.

Preliminary
Masked Autoencoder. We present the formulation of
masked autoencoder (MAE) (He et al. 2022) tailored for se-
quence modeling, which constitutes a core component and
the baseline of our approach. MAE is a widely used self-
supervised learning framework that learns meaningful rep-
resentations by reconstructing missing parts of the input.
Following MAE, we formulate the framework as follows.
Given an input sequence B = (b1, b2, . . . , bT ) and a ran-
dom masked position k, the modified sequence can be for-
mulated as Bmasked = (b1, b2, . . . , βk, . . . , bT ), where βk

denotes the masked element filled with zero values at the
k-th position in the sequence. Note that there is more than
one masked position within the input sequence in practice.
Given an encoder E and a decoder D, the reconstructed data
can be represented as B̂ = D(E(Bmasked)). Then, the learn-
ing object of MAE is:

L = µ(||B̂ − B||22), (1)
where µ(·) is the average operator.
Attention Mask. Attention mask (Vaswani et al. 2017) is a
technique suitable for next-token prediction tasks to avoid
data leak, which is widely used in attention layers of trans-
former models. Given an input feature X , the procedure of
the self-attention mechanism can be formulated as follows:

ATN(X) = softmax(
XWQW

⊤
KX⊤

√
dk

)XWV ,

where WQ,WK , and WV are the weights for query, key,
and value in the attention. dk is the dimension of the key
weight. To capture the important information and accelerate
the computation, the mask technique is applied in the atten-
tion, which can be formulated as follows:

ATN(X,M) = softmax(
XWQW

⊤
KX⊤

√
dk

+M)XWV ,

(2)
where M is a nt × nt matrix, where nt is the number of the
tokens in X . Specifically, M[i,j] = −∞ represents ignoring
position (i, j) and M[i,j] = 0 represents keep the position
(i, j) during attention computation.

Pretraining: Conduction-Lead Reconstructor
To capture individual heartbeats’ details, we first segment a
lead Li into a set of beats (tokens) Bi = {bji}Nj=1, where i ∈
{1, . . . , 12}. This process resembles tokenization, similar to
the strategy in prior work (Jin et al. 2025).

Motivated by the conduction-view guided perspectives,
we assume that a masked token can be recovered by
conduction-guided information Ic and view-guided informa-
tion Iv . We define (Li, j) as j-th beat of i-th lead Li and
the relationship can be formulated as bji = f(I

(·,j)
c , I

(Li,·)
v ),

where I
(·,j)
c represents the conduction-guided information

of the j-th beat and I
(Li,·)
v represents the view-guided infor-

mation of the Li, f is a mapping to reconstructed beat from
corresponding information. Specifically, for the conduction-
guided I

(·,j)
c , we assume that Bj can reflect the character-

istics of j-th heartbeat conduction; for view-guided infor-
mation I

(Li,·)
v , we introduce cls tokens for 12 leads C =
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Figure 2: Illustration of proposed CLEAR-HUG framework. CLEAR-HUG is composed of two stages: (1) CLEAR Pre-training
stage to learn specified representations of 12 leads, and (2) CLEAR-HUG Finetuning to integrate the lead feature from the
pretrained encoder and simulate the clinical diagnosis procedure to provide predictions for downstream tasks. In which MHA
layer stands for multi-head attention layer (Vaswani et al. 2017).

{ci}i∈{1,2,...,12} to capture the global context of each view
of cardiac activity. Thus, the reconstructed beat b̂ji can be:

b̂ji = f(Bj , ci). (3)

This formulation represents that a heartbeat token can be
reconstructed by its same heartbeats but different viewed
(lead) tokens and the specific global context of the lead.
Therefore, the problem becomes how to learn the lead-
specific representation ci and the synchronized heartbeat
representation shared by Bj .

Based on the above discussion, we propose a Conduction-
LEAd Reconstructor (CLEAR) to build our pretraining
framework, learning representations from heartbeats to leads
by the relationship between bji , Bj , and ci. We first randomly
initialize 12 cls tokens C = {ci}i∈{1,2,...,12}. If we mask the
token bji , we hope it can be reconstructed only by j-th heart-
beat information and the view-guided information ci, like
Equation 3. Thus, The reconstruction process of bji should
be restricted to interactions with the set Bj , ci. For ci, it
should “see” only the tokens Bi from the same lead Li,
ensuring that it maintains both lead-specific and global
representations. To achieve this sparse relationship and in-
teractions, CLEAR utilizes a sparse attention mechanism as
shown in Stage 1 of Fig. 2

To be specific, the input X ∈ R12(N+1)×dt , where dt is
the dimension of the tokens, consists of the tokens from 12
leads and the initialized 12 cls tokens. Specifically, X =
[C,B1, B2, . . . , B12]. Given the input X and the masked to-
kens {βk, k ∈ K}, where K ∈ [1, 12N ] is the position set
of the masked tokens, we acquire masked input as Xmasked.
Then, we propose a new sparse attention mechanism tailored
for the ECG data in the transformer. Specifically, we sep-
arate the attention mask M = [mp,q](12N+12)×(12N+12)

into two parts: Mc = [mp,q]12×(12N+12) and Mb =
[mp,q]12N×(12N+12). The attention mask for cls tokens Mc

is defined as follows:

Mc
[p,q]≜


0, if q ∈ Qp

or p = q

−∞, else.

(4)

where Qp = [(p−1)N +13, pN +12], Qp ⊂ Z+. And, the
attention mask for heartbeat tokens Mb is defined as:

Mb
[p,q]≜



0, if p ∈ K, q ∈ Rp

or p /∈ K, q ∈ Cp

or q =

⌊
p− 1

N

⌋
+ 1

−∞, else.

(5)

where Rp = {o+ 12|o mod 12 = p mod 12, o ≤ 12N o ∈
Z+}, i.e., the position indicates the same heartbeat, Cp =
{o+12|o mod N = o mod N, o ≤ 12N, o ∈ Z+}, i.e., the
position indicates the same lead. The final attention mask M

is defined as
[
Mc

Mb

]
.

The view-guided and conduction-guided attention focuses
on specific tokens as per the equation. Mc is applied to both
E and D, while M is applied only to D, as E’s input doesn’t
contain masked tokens. Finally, the reconstruction loss of
the masked input Xmasked can be formulated as:

L = ∥D(E(Xmasked))−X∥22, (6)

Finetuning: Hierarchical Lead-unified Group
According to the insights of lead combination guidelines in
ECG diagnosis discussed above, we propose a lead grouping
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strategy, Hierarchical lead-Unified Group (HUG), as shown
in Fig. 3, to adapt the pretrained eSSL model CLEAR to
downstream tasks. As shown in Fig. 1, HUG has 7 linear
heads {ϕi}7i=1 to simply and effectively learn information of
the lead combinations, which aims to mimic the workflow
of clinical diagnosis. Given 12 cls tokens {ci}i∈{1,2,...,12}
from the output of CLEAR Encoder, the finetuning pipeline
can be summarized as 3 steps:

C
oncat &

 A
veraged

Linear P
robing

Figure 3: Illustration of proposed HUG head. The HUG head
integrates the three ECG lead groups via a three-stage hier-
archical framework.

Step 1: Following principles of ECG signal acquisi-
tion (Kligfield et al. 2007), we divide cls tokens of 12
leads into 3 groups by the guidance aforementioned, i.e.,
G1 = {I, II, III}, G2 = {aV R, aV L, aV F}, and G3 =
{V 1, V 2, V 3, V 4, V 5, V 6}. Each group is processed by a
separate linear layer ϕi, and the outputs are averaged:

l1 = {µ(ϕ1(G1)), µ(ϕ2(G2)), µ(ϕ3(G3))}

Step 2: The outputs of Step 1 are reallocated in pairwise
combinations. The recombined token pairs are denoted as
P = {(l11, l12), (l11, l13), (l12, l13)}, and each pair is pro-
cessed by a separate head and then averaged:

l2 ={µ(ϕ4(P1)), µ(ϕ5(P2)), µ(ϕ6(P3))},

Step 3: Aggregate the outputs from Step 2:

l3 = µ(ϕ7(l2)).

At last, the outputs of the 3 steps are concatenated to form
the input of the final linear model.

fg = µ(l1 ∪ l2 ∪ {l3}).

The lead combination of the diagnostic process is emu-
lated through this hierarchical group head, where the seven
groups correspond to distinct lead combinations. The hier-
archical structure enables progressive integration of infor-
mation, with each level building upon the representations
learned at the previous level.

Experimental Setup
We organized experiments according to the configuration
in MERL (Liu et al. 2024). Following MERL’s configura-
tion, the CLEAR-HUG is first pre-trained on MIMIC-IV-
ECG (Gow et al. 2023) and evaluated on downstream tasks.
And we select the SSL methods, SimCLR (Chen et al. 2020),
BYOL (Grill et al. 2020), MoCo-v3 (Chen, Xie, and He

2021), and SimSiam (Chen and He 2021), time-series SSL
method, TS-TCC (Eldele et al. 2021), and eSSL methods,
CLOCS (Kiyasseh, Zhu, and Clifton 2021), ASTCL (Wang
et al. 2023a), CRT (Zhang et al. 2023), ST-MEM (Na et al.
2024b), and HeartLang (Jin et al. 2025) for comparison.

Setup of CLEAR Pre-training
Datasets. Following previous works (Zhang et al. 2023; Na
et al. 2024a; Jin et al. 2025), we use MIMIC-IV-ECG (Gow
et al. 2023) to pre-train CLEAR-HUG. This dataset com-
prises 161,352 subjects with 800,035 12-lead ECG record-
ings. Each sample lasts for 10 seconds at 500 Hz. We further
process the dataset with (1) splitting the signal according to
heartbeat detection; (2) replacing the “NaN” and “Inf” val-
ues in the ECG recordings with the average of six neighbor-
ing points, similar to HeartLang (Jin et al. 2025).
Implementation Detail. We downsample all the ECG
records of MIMIC to 100 Hz and tokenize each lead as 15
heartbeat tokens with a [cls] token using the designed to-
kenizer. We set the learning rate to 5 × 10−4 and trained
for 100 epochs. We set the mask ratio of input tokens as
80%. Analysis of the hyperparameter can be found in the ap-
pendix. The AdamW optimizer and cosine annealing sched-
uler are applied for learning rate adjusting. All experiments
were conducted on 6 NVIDIA A100 GPUs, and the batch
size is set to 256 for each GPU.

Setup of Downstream Funetuning
Datasets. We conduct experiments on downstream tasks
using three publicly accessible datasets: PTB-XL (Wagner
et al. 2020), CPSC2018 (Liu et al. 2018), and Chapman-
Shaoxing-Ningbo (CSN) (Zheng et al. 2020).

PTB-XL: PTB-XL includes 21,837 12-lead ECG record-
ings from 18,885 patients, each lasting 10 seconds with
500 Hz sampling rate. The dataset is divided into four sub-
sets based on the SCP-ECG protocol: Form (19 classes),
Rhythm (12 classes), Superclass (5 classes), and Subclass
(23 classes). We followed the official configuration for split-
ting the training, validation, and test sets.

CPSC2018: CPSC2018 contains 6,877 12-lead ECG
recordings a 500 Hz sampling rate. Unlike PTB-XL, the
ECG duration ranges from 6 to 60 seconds, with 9 labels.
We split the data into training(70%), validation (10%), and
testing (20%) sets, following the HeartLang configuration.

CSN: CSN includes 45,152 12-lead ECG recordings sam-
pled at 500 Hz, each lasting 10 seconds. We use 23,026
recordings with 38 labels, excluding “unknown” annota-
tions, following MERL. The dataset is split into 70% train-
ing, 10% validation, and 20% testing.
Implementation Detail. We down-sample the ECG signals
to 100 Hz before fine-tuning CLEAR-HUG, using a pre-
trained tokenizer to generate 16 tokens per lead. We set the
HUG head, and the linear classifier is trainable. The HUG
head and linear classifier are trainable, with the CLEAR En-
coder initialized from pre-trained parameters. To compare
with previous methods under low-resource conditions, we
follow work (Jin et al. 2025) using 1%, 10%, and 100% of
the training data for each task to finetune the modules. The
learning rate is set as 5 × 10−3, and the training converged

894



Method Source PTBXL-Sub PTBXL-Super PTBXL-Form PTBXL-Rhythm CPSC2018 CSN
1% 10% 100% 1% 10% 100% 1% 10% 100% 1% 10% 100% 1% 10% 100% 1% 10% 100%

SimCLR ICML2020 60.84 68.27 73.39 63.41 69.77 73.53 54.98 56.97 62.52 51.41 69.44 77.73 59.78 68.52 76.54 59.02 67.26 73.20
BYOL NeurIPS2020 57.16 67.44 71.64 71.70 73.83 76.45 48.73 61.63 70.82 41.99 74.40 77.17 60.88 74.42 78.75 54.20 71.92 74.69

MoCo-v3 ICCV2021 55.88 69.21 76.69 73.19 76.65 78.26 50.32 63.71 71.31 51.38 71.66 74.33 62.13 76.74 75.29 54.61 74.26 77.68
SimSiam CVPR2021 62.52 69.31 76.38 73.15 72.70 75.63 55.16 62.91 71.31 49.30 69.47 75.92 58.35 72.89 75.31 58.25 68.61 77.41
TS-TCC IJCAI2021 53.54 66.98 77.87 70.73 75.88 78.91 48.04 61.79 71.18 43.34 69.48 78.23 57.07 73.62 78.72 55.26 68.48 76.79
CLOCS ICML2021 57.94 72.55 76.24 68.94 73.36 76.31 51.97 57.96 72.65 47.19 71.88 76.31 59.59 77.78 77.49 54.38 71.93 76.13
ASTCL TNNLS2024 61.86 68.77 76.51 72.51 77.31 81.02 44.14 60.93 66.99 52.38 71.98 76.05 57.90 77.01 79.51 56.40 70.87 75.79

CRT TNNLS2023 61.98 70.82 78.67 69.68 78.24 77.24 46.41 59.49 68.73 47.44 73.52 74.41 58.01 76.43 82.03 56.21 73.70 78.80
ST-MEM ICLR2024 54.12 57.86 63.59 61.12 66.87 71.36 55.71 59.99 66.07 51.12 65.44 74.85 56.69 63.32 70.39 59.77 66.87 71.36
Heartlang ICLR2025 64.68 79.34 88.91 78.94 85.59 87.52 58.70 63.99 80.23 62.08 76.22 90.34 60.44 66.26 77.87 57.94 68.93 82.49

CLEAR Ours 73.86 80.11 89.3 78.59 85.43 88.68 61.00 69.96 80.34 79.24 86.72 93.66 64.82 78.10 89.59 62.88 76.33 86.75
Gains(%) - +9.18 +0.77 +0.39 -0.35 -0.16 +1.16 +2.30 +5.97 +0.11 +17.16 +10.5 +3.32 +2.69 +0.32 +7.56 +3.11 +2.63 +4.26

CLEAR-HUG Ours 76.66 84.59 91.44 79.61 86.85 90.24 61.01 75.19 82.86 79.48 90.57 94.08 66.97 82.59 91.17 72.09 82.14 89.93
Gains(%) - +11.98 +5.25 +2.53 +0.67 +1.26 +2.72 +2.31 +11.2 +2.63 +17.4 +14.35 +3.74 +4.84 +4.81 +9.14 +12.32 +8.44 +7.44

Table 1: Comparison of proposed framework with other eSSL methods on six downstream tasks. We designed two settings of
our proposed framework, the first is the pretrained CLEAR, followed by linear probing. The second is the fully CLEAR-HUG
framework for linear probing. The SOTA results are underlined and gains for both settings are compared with them.

Method PTBXL-Sub PTBXL-Super PTBXL-Form PTBXL-Rhythm
Pre-training Downstream 1% 10% 100% 1% 10% 100% 1% 10% 100% 1% 10% 100%

w/o pretraining N/A 65.16 77.10 85.89 76.64 83.77 87.16 54.43 63.98 73.68 51.51 77.80 86.65
Baseline N/A 67.49 77.68 89.00 74.49 84.07 87.33 55.68 64.13 77.06 73.73 83.19 91.52
Baseline HUG 75.41 83.76 90.74 78.70 85.57 88.76 56.08 70.38 78.39 73.76 86.68 91.60
CLEAR N/A 73.86 80.11 89.30 78.59 85.43 88.68 61.00 69.96 80.34 79.24 86.72 93.66

CLEAR HUG 76.66 84.59 91.44 79.61 86.85 90.24 61.01 75.19 82.86 79.48 90.57 94.08

Table 2: Results of the ablation study of modules for CLEAR-HUG. Best scores are in bold. The pre-training baseline is a
masked autoencoder. ‘w/o pretraining’ denotes direct finetuning from scratch with the downstream head; SLG denotes lead
grouping without hierarchy. ‘N/A’ (downstream) denotes linear probing on the frozen pre-trained backbone.

within 100 epochs. Besides, we scaled the ECG recordings
to [−3, 3] for CPSC2018 and CSN datasets, obtained all test
results using the trained parameters with the best validation
results, and used the macro AUC metric for evaluation, to
maintain a fair comparison with previous works (Zhang et al.
2023; Na et al. 2024a; Jin et al. 2025).

Results and Analysis
Primary Results
Table 1 shows the comparison of our CLEAR-HUG with the
SOTA methods. To present a fair comparison, we designed
two settings, where the first directly uses the linear prob-
ing layer for downstream tasks using features from the pre-
trained CLEAR Encoder. While the second introduced our
proposed HUG head between the pretrained backbone and
the linear probing layer to integrate features of 12 leads fur-
ther. Compared with the SOTA methods, both CLEAR and
CLEAR-HUG demonstrated significant advantages in al-
most all downstream tasks, with 3.94% and 6.84% improve-
ments in the average separately. Notably, in the PTBXL-
Rhythm task, both CLEAR and CLEAR-HUG outperform
the SOTA results by over 17% and 10%, respectively, when
fine-tuned on 1% and 10% of the training data. This result
further confirms the advantages of our design for heartbeat
conduction in representing and analyzing heartbeat rhythms.

Further comparing the CLEAR and CLEAR-HUG, we
found that the designed lead fusion strategy can better over-
come the challenges of more diverse category classifica-
tion in ECG understanding tasks. For example, in the CSN

dataset, when introducing our designed HUG, our CLEAR-
HUG gains an additional performance improvement of over
9.21%, 5.81%, and 3.18% when finetuning on 1%, 10%,
and 100% of the training data, compared to CLEAR. Fur-
thermore, the performance of CLEAR-HUG is improved in
all downstream task settings by a clear margin. We attribute
this result to the fact that the hierarchical grouping strategy
is more in line with the clinical diagnosis process and can
better aggregate lead features to achieve adaptation to more
complex scenarios and more diverse categories.

Ablation Study
Designed Modules To explore the potential necessity of
the CLEAR pre-training and the HUG finetuning, we de-
signed several ablation studies as shown in Table 2. In the
experiment, we considered four combinations of with/with-
out CLEAR pre-training and with/without HUG head. No-
tably, our baseline is the native masked autoencoder model,
having the same learnable parameters as CLEAR, but using
full attention instead of the designed sparse attention.

From the perspective of CLEAR pretraining, experiments
show our designed conduction-view guidance can effec-
tively improve model performance, independent of the im-
pact of the HUG head. We attribute this improvement to
CLEAR pretraining’s ability to better integrate both com-
mon and lead-specific information within each lead. This
is crucial for tasks involving the identification of heartbeat
patterns and rhythm regularity, such as heart rhythm analy-
sis, where we observed a 17.4% improvement with 1% of
the training data. And for the Hierarchical Unified Group
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Figure 4: Visualization of reconstructed tokens for CLEAR
variants w/o components: 12 leads in different colors, with
poor reconstructions marked by red boxes.

(HUG) head, its introduction improves model performance
overall, with more pronounced benefits in fine-grained tasks
such as sub-class categorization. We attribute this improve-
ment to the grouping strategy, whose hierarchical structure
better aligns with clinical diagnosis processes while en-
abling more comprehensive utilization of 12-lead informa-
tion. We will further analyze the internal design of our model
and provide a series of in-depth analyses in the following.

Method CSN
1% 10% 100%

N/A (Averaged) 62.88 76.33 86.75
Weighted Averaged 66.73 80.02 88.11
Single-level Grouping 68.70 80.21 89.35

HUG Head 72.09 82.14 89.93

Table 3: Comparison of different designs to integrate 12
leads for downstream tasks.

Insights of CLEAR-HUG
Iv and Ic visualization of pretrained model. We visual-
ize heartbeat reconstruction under four settings: CLEAR,
w/o Iv , w/o Ic, and w/o CLEAR. As shown in Fig. 4,
CLEAR yields the best reconstruction. We further analyze
the reconstruction effect as follows: (1) When removing
Iv (only conduction-guided information), the reconstructed
signal shows an incorrect wave shape, consistent with Iv en-
coding the global lead context and overall waveform con-
tour. (2) When removing Ic (only view-guided information),
the global shape is preserved but fine details are lost, sup-
porting that Ic captures heartbeat-specific details. (3) When
both Ic and Iv are removed, neither shape nor details are cor-
rect, further validating our design of the two guidance terms.
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Figure 5: The visualization of activation ratios on 7 group
combinations from HUG on different diseases.

Grouping in finetuning. To further investigate the impact
of combining the three groups in HUG, we visualize the ac-
tivation patterns of HUG on PTBXL-form in Fig. 5. The
visualization demonstrates that HUG exhibits diagnosis-
specific activation patterns across its different group com-
binations, varying with distinct types of cardiac abnormal-
ities. This differential activation directly corresponds to the
feature of different cardiac conditions, confirming the ability
of ClEAR-HUG to autonomously extract diagnosis-critical
features. Further analysis can be found in the appendix.
Hierarchical lead integration. We also evaluate different
integration strategies for grouping 12 leads. We select the
CSN dataset as our benchmark and compare our HUG de-
sign with the average, weighted average, and single-level
grouping methods. We note that single-level grouping in-
tegrates 3 groups through full combination and generates
7 combinations as HUG. Further ablation studies (Table 3)
demonstrate that the hierarchical lead-grouping (HUG) de-
sign outperforms alternative approaches by a clear margin.
We attribute this to the fact that the hierarchical design is
closer to clinical diagnosis and can more effectively utilize
the information of the 12 leads. Results of other datasets are
available in the appendix.

Conclusion and Limitation

In this paper, we propose CLEAR-HUG, which comprises:
(1) CLEAR (Conduction-LEAd Reconstructor), which uses
conduction-inspired sparse attention to guide masked 12-
lead ECG token reconstruction; (2) HUG (Hierarchical lead-
Unified Group head), which employs a hierarchical group-
ing strategy to mimic clinical diagnosis. Experiments on 6
datasets show that CLEAR-HUG surpasses existing meth-
ods across diverse ECG analysis tasks, and ablations verify
the contribution of each component. Limitations. CLEAR-
HUG could be extended to more downstream tasks. More-
over, HUG is tightly coupled with our pretraining design,
making it incompatible with prior ECG foundation models
that use only a single cls token.
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