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Abstract. Electrocardiogram (ECG) mass screening plays a crucial role
in the early detection of asymptomatic cardiovascular abnormalities, en-
abling timely intervention and prevention of sudden cardiac events in
seemingly healthy individuals. Nowadays, ECG self-supervised learning
(eSSL) is the cutting-edge frontier technique for representation learning
on unannotated ECG data. Despite extensive efforts in modeling heart-
beat rhythms from ECG signals, the continuous temporal morphology-
based dynamics of ECG patterns remain incompletely represented in
current modeling framework. In this work, we introduce a novel shape-
based eSSL approach to capture the intricate wave deflection character-
istics of ECG signals, in which temporal trend shifts are discretized and
treated as word tokens in a symbolic sequence. We propose ShapeEFM:
a novel transformer-based foundation model pretrained using generative
eSSL approach. We evaluated ShapeEFM across EchoNext and CSN
datasets, where it demonstrated robust competitiveness and enhanced
interpretability against the existing eSSL methods. The code is available
at: https://github.com/AQ-MedAI/ShapeEFM
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1 Introduction

The implementation of electrocardiogram (ECG) mass screening is essential for
shifting the paradigm of cardiovascular care from reactive treatment to proactive
prevention. By identifying asymptomatic abnormalities in apparently healthy
populations, clinicians can initiate timely interventions that significantly reduce
the incidence of sudden cardiac death [20]. Recent advances in artificial intelli-
gence have further expanded the feasibility of such initiatives. Al-driven models
are now capable of interpreting ECG data with expert-level precision, identi-
fying subtle signatures of arrhythmias [19], and structural heart disease [17].
This technological evolution broadens the scope of detectable conditions and en-
hances the scalability of screening programs, offering a cost-effective pathway to
improved population health outcomes.
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Fig. 1. The Cardio-Morpheme Transformer structures input ECG signals into Cardio-
Sentences using PIPs, encoding each Cardio-Morpheme via a temporal encoder en-
riched with spatial and temporal embeddings. By employing RoPE to model cardiac
cycle information, the resulting embeddings are processed by a patch-wise attention
Transformer to generate the final diagnostic output.

The development of ECG Self-Supervised Learning (eSSL) has undergone a
paradigm shift, evolving from task-specific architectures into large-scale founda-
tion models that harness massive unlabeled datasets to learn robust, generaliz-
able representations [IGUT5I824]. Current research indicates that hybrid SSL
frameworks, which integrate generative reconstruction with contrastive discrimi-
nation, offer the most effective approach by simultaneously capturing local struc-
tural patterns and high-level functional semantics [I3]. Recent methodologies
like ST-MEM [14] have further propelled the field by explicitly modeling spatio-
temporal relationships via lead-specific embeddings, while novel approaches such
as HeartLang [I0] treat heartbeats as "words" in an ECG vocabulary to deci-
pher latent semantic relationships. Ultimately, these advancements underscore
the transformative power of eSSL: by establishing a versatile, universal feature
extractor, these models bridge the gap between data acquisition and clinical in-
terpretation, ensuring reliable diagnostic performance across heterogeneous en-
vironments and diverse patient populations.

Although the prevailing eSSL paradigm excels at capturing high-level seman-
tic relationships, it remains fundamentally constrained in its representation of
real-world cardiac events [I0/I1]. Unlike HeartLang, which compresses each beat
into one word and largely relies on the accurate detection of the QRS complex,
ShapeEFM treats sub-beat morphology changes such as QRS widening and ST
deviation as reconstruction units, making these clinically relevant transitions
explicit targets of SSL rather than implicit within heartbeat tokens. And these
morphology-level shapelets enhance model’s representation capability for ECG
morphology.

To fully capture the granular semantic representation of ECG morphology,
we propose ShapeEFM. We conceptualize individual waveform components, such
as the P, Q, R, S, and T waves, as fundamental linguistic units, termed "Cardio-
Morpheme". These morphemes serve as the atomic "words" of the physiologi-
cal signal and are sequentially concatenated to construct a "Cardio-Sentence",
a structured representation that captures the syntactic relationships between
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adjacent ECG morphology. The main contributions of this paper are threefold:
First, we propose a novel Cardio-Morpheme Transformer that decomposes ECG
signals into semantic units, preserving the morphological and clinical integrity
of ECG waves, as shown in Fig. [I] Second, by aggregating these units into
Cardio-Sentences, we introduce a syntactic structure that captures the temporal
dependencies between ECG waves. Third, the proposed method enhances model
interpretability, allowing cardiac abnormalities to be visualized and understood
as semantic anomalies within a physiological narrative.

2 Methods

2.1 Model Architecture

Shape Detection. This method learns shapes in an encoder-freeze-like manner,
enabling the segmentation of ECGs into a series of signal corpora that describe
the signal’s trajectory. The process is achieved by identifying PIPs through the
following steps [12] , assuming a time series 7 € R'*T". Initially, the first and
last time points are added to the PIP set S. Then, for remaining time point 4,
the point with the highest reconstruction distance RD is iteratively added to S
until the size of S reaches N,;,, which is set to 250 for 10s ECG.

Fpx(Pi—P) — (T - T)

RD(i,S) = —=—= , 1¢S (1)
(=5 )2 +1
Vj € S, P; is the z-normalized value of the list of positions [1,...,j] and s,e

denote the two points in S nearest to i.

By treating each major trend inflection, which is defined as the ECG signal
segment between three adjacent PIPs, as a Cardio-Morpheme, the raw ECG
signal is reshaped into a Cardio-Sentence X C RNvw*L Here, L = k x n,
where k denotes the maximum length of a Cardio-Morpheme (set to 40, if the
length of a Cardio-Morpheme is smaller than k, it is padded with zeros to match
the required size) and n represents the number of leads. The PIP discovery
is performed exclusively on Lead I, and the identified points are subsequently
applied to all 12 leads.

Temporal Encoder. ECG signals exhibit high temporal resolution, and each
token within a Cardio-Sentence captures temporal trend shifts across all leads.
To extract and encode distinguishing features, it is necessary to embed the data
into a higher-dimensional token feature space. Therefore, we employ a temporal
encoder comprising several temporal convolution blocks to encode each Cardio-
Morpheme into a patch embedding. Each temporal convolution block consists of
a 1-D convolution layer, a group normalization layer [23], and a GELU activation
function [9]. Finally, the Cardio-Sentence is embedded into & C REsen*Le where
Lgen, = Npip x 12 represents the sequence length and L. = 256 denotes the
dimension of the token feature space.
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Fig.2. Overview of the Cardio-Morpheme tokenizer training and ShapeEFM pre-
training. Left: The construction process of the Cardio-Sentence. Right Up: Train-
ing of the Cardio-Morpheme tokenizer to discretize ECG signals into discrete shape
tokens via shape reconstruction. Right Down: During pre-training, a subset of Cardio-
Morphemes is masked, with the objective to predict the masked tokens from the visible
Cardio-Morphemes.

Spatial & Temporal Embedding. To enable the model to perceive the tem-
poral and spatial information of the patch embeddings, we initialize a temporal
embedding list TE = {tey, tes, ..., ten,,, } using Rotary Positional Embeddings
(RoPE) [21] and a spatial embedding list SE = {seq, sea, ..., se12} using abso-
lute position encoding. Thus, given an arbitrary output embedding E; € £ from
the temporal encoder, we add the corresponding temporal and spatial embed-

dings to obtain the final embedding F C REFsen*Le,

E' =E,+TE,+SE,, uwe{l,...,Ny}, ve{l,... 12} (2)

Transformer Encoder. Finally, the sequence of embeddings is fed directly
into the Transformer encoder [22]. To ensure stable and efficient training, we
apply QK-Normalization prior to the dot-product attention mechanism, thereby
preventing excessively large values in the attention logits [5]:

LN(Q)LN(K)T
Vv dhead > ‘/, (3)

where djcq,q denotes the dimension of a single head in the multi-head attention
mechanism, and LN refers to Layer Normalization [2].

Attention(Q, K, V) = softmax <

2.2 Cardio-Morpheme Tokenizer Training

Individual Cardio-Morphemes lack generalization due to their independence. To
enable ShapeEFM to learn cross-subject representations during pre-training,
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we introduce a Cardio-Morpheme vocabulary, a codebook of generalized Mor-
phemes. This vocabulary is jointly optimized via quantization and reconstruc-
tion, as depicted in the upper right corner of Fig. 2|

Vector Quantization. A quantizer is employed to map inputs to a collective
Cardio-Morpheme vocabulary V = {v; | i = 1,...,K} C REXEe where K
denotes the number of entries in the vocabulary. The quantizer identifies the
nearest neighbor for each interval representation f; in F using cosine similar-

ity. This procedure is formulated as: z; = argmin |[l2(f;) — l2(v;)||y, where £o
fi€EF vV
represents lo-normalization.

Shape Reconstruction. After quantization, the normalized discrete embed-
dings {l2(z;) | i = 1,...,1} are fed into the transformer decoder. This pro-
cess can be represented as & = U§:1 fa(l2(vy,)), where & is the reconstructed
Cardio-Sentence and fy is the decoder. To ensure stable updates for the Cardio-
Morpheme vocabulary, we adopt an exponential moving average (EMA) strategy.
The mean squared error (MSE) loss is utilized to jointly optimize the quantiza-
tion and reconstruction processes.

2.3 ShapeEFM Pre-Training

Spatio-Temporal Masking. To enable ShapeEFM to learn Cardio-Morpheme
features, we perform random masking on individual Cardio-Morphemes, com-
pelling the model to infer the complete Cardio-Sentence from the visible context.
Given a Cardio-Sentence X C RLsen*Le and Cardio-Morpheme P C R*Fe. We
randomly generate a mask matrix M C REsen*le where each element corre-
sponds to a specific Cardio-Morpheme within a lead.

Collective Cardio-Morpheme Prediction. This stage aims to predict the
indices of masked Cardio-Morphemes based on unmasked ones by minimizing the
discrepancy between predicted and true indices. We extract the hidden vectors
h corresponding to the masked segments and use a linear classifier to predict
the collective Cardio-Morpheme indices [16]: p(v; | Pas) = softmax(Linear(h)),
where Py; € P is the masked Cardio-Morpheme. The target loss function for
this stage is:

L=-" logp(vi | Pu) (4)

zeX

3 Experiments

3.1 Configuration

Pre-training Implementation. To prepare the data for pre-training, we im-
plemented a rigorous preprocessing pipeline for the MIMIC-IV-ECG dataset,
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as detailed in Table [I} This process involved: (1) imputation of missing val-
ues (i.e., 'NaN’ and ’'Inf’) using the average of the six neighboring data points;
and (2) upsampling of all ECG data to 500 Hz using polyphase filtering; and
(3) application of a band-pass filter (0.05—40 Hz) to suppress baseline drift and
high-frequency noise. For the pre-training phase, ShapeEFM consists of 12 trans-
former encoder blocks, 8 attention heads, and a dropout rate of 0.1, and we
employed the AdamW optimizer with a learning rate of 5 x 10~* and a weight
decay of 1 x 10~%. The model was trained for 50 epochs using a random masking
rate of 50%, while a cosine annealing scheduler was utilized for learning rate
adjustment. We used a batch size of 64 per GPU, conducting all experiments on
eight NVIDIA A100 GPUs.

Downstream Tasks Implementation. We evaluated transfer performance
using linear probing, where the pre-trained Cardio-Morpheme Transformer back-
bone remained frozen, and only the parameters of a newly initialized linear clas-
sifier were updated. To assess model robustness under low-resource conditions,
we conducted linear probing for each downstream task using 1%, 10%, and 100%
of the training data (see Table . For all tasks, we employed the Area Under
the Receiver Operating Characteristic Curve (AUROC) and the Area Under the
Precision-Recall Curve (AUPRC) as primary evaluation metrics.

Table 1. Overview of the public datasets used for pre-training and downstream tasks.

Dataset ‘Label‘ Task ‘Sampling Frequency‘ Train ‘ Valid ‘ Test
MIMIC-IV-ECG [1]| - Pretrain 500Hz 773,120/15,902| -

EchoNext [17] 5 |Downstream 250Hz 72,475 | 4,626 |5,442
CSN [25126] 38 |Downstream 500Hz 16,546 | 1,860 (4,620

3.2 Evaluation on Linear Probing

The linear probing evaluation results, summarized in Table [2] demonstrate the
superior representation learning capability of ShapeEFM across varying label
fractions. On the CSN dataset, ShapeEFM consistently outperforms competing
methods in data-efficient scenarios, securing the best AUROC and AUPRC at
the 10% label fraction and full 100% supervision level. In the more challenging
EchoNext dataset, ShapeEFM exhibits robust generalizability; it attains the
highest AUROC of 80.15% and AUPRC of 5.04% at 100% labels, while also
maintaining a competitive edge in low-data regimes by securing the second-
best AUROC at 10% labels and the best AUPRC at 10% labels. These findings
validate that ShapeEFM effectively learns high-quality transferable features that
scale effectively with data availability.
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Table 2. AUROC and AUPRC results for ShapeEFM and competing methods. The
best and second-best results are in bold and shaded in gray, respectively.

Metric Method ‘ CSN BchoNext
| 1%  10% 100% | 1%  10% 100% |

SimCLR [3] 6520 71.62 84.02 | 64.31 69.95 7471
BYOL [§] 6312 7219 8496 | 61.17  70.03  75.54

AUROC MoCo-vi [ 63.54  80.74 8277 | 62.12 7276  79.02
ST-MEM [14] | 68.89 76.32 77.36 | 65.12 70.28  73.01
HeartLang [10] | 66.04 78.02 89.76 | 63.32 75.29  76.96
ShapeEFM | 67.09 81.51 89.80 | 64.05 7429 80.15
SimCLR [3] 582 945 1523 [ 412 358  3.42
BYOL [§] 545  9.80 1560 | 3.95  3.65  3.55
MoCo-v3 [ 560 1125 14.88 | 4.02  3.92  3.78

AUPRC r\mM 2] | 645 1015 1320 | 435 375 330
HeartLang [I0] | 6.26 ~ 10.50 1611 | 4.49  4.08  3.90

ShapeEFM | 6.30 12.05 16.85 | 420 4.25  5.04

3.3 Cardio-Morpheme Vocabulary Visualization

The Cardio-Morpheme vocabulary visualization reveals a clear tripartite struc-
ture in the latent space, with well-separated clusters corresponding to QRS,
RST, and ST segments, each representing a distinct phase of the cardiac cycle,
as shown in Fig. [3| The QRS cluster (in teal) exhibits high internal variability,
as reflected by the dispersed yet cohesive waveforms, consistent with the rapid,
variable depolarization patterns across individuals and heart rates. In contrast,
the ST segment cluster (in yellow) shows tighter morphological consistency, with
nearly flat, horizontally aligned waveforms, aligning with its physiological role as
an isoelectric interval between ventricular depolarization and repolarization. The
RST cluster (in purple) occupies an intermediate position, both spatially and
morphologically, capturing the transition from QRS termination to ST onset; its
waveforms show gradual slope variations, reflecting the dynamic nature of early
repolarization. The clean separation in the t-SNE space suggests that our feature
representation effectively encodes clinically relevant morphological distinctions,
enabling unsupervised discovery of functionally coherent Cardio-Morpheme for
ECG analysis. Importantly, this expanded view preserves the clear pentapartite
structure identified in our initial analysis, further validating the robustness of
the feature representation.

3.4 Ablation Study

We conducted an ablation study to validate ShapeEFM’s components (Table.
Removing the Cardio-Morpheme Vocabulary (replaced by MSE reconstruction)
caused significant performance drops, particularly in low-data regimes, high-
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Fig. 3. Cardio-morpheme vocabulary visualization via t-SNE embedding of Cardio-
Morpheme, revealing three distinct clusters corresponding to physiologically meaning-
ful segments: QRS (teal), RST (purple), and TP (yellow); and five distinct clusters
corresponding to: QRS (blue), RST (green), ST (purple), TP (yellow), and PQ (teal).

lighting the importance of our semantic tokenization. Similarly, eliminating Pre-
training resulted in the lowest AUROC scores across all settings, confirming
that pre-training is essential for learning robust general representations. Finally,
ablating the Spatio-temporal Embedding consistently degraded performance,
demonstrating that our specialized architecture effectively captures critical ECG
dynamics. In all cases, the full ShapeEFM model achieved superior results, val-
idating the synergistic contribution of each component.

Table 3. Linear probing AUROC results of the ablation study. The best and second-
best results are in bold and shaded in gray, respectively.

Method \ CSN EchoNext

| 1%  10% 100% | 1%  10% 100%

Cardio-Morpheme Vocabulary | 64.12  79.80 88.10 | 61.88  72.50 77.92

Pre-training 63.80 77.90 8590 | 60.55 70.15  76.80
Spatio-temporal Embedding 65.20 78.35  86.45 62.90 71.80  78.50
ShapeEFM ‘ 67.09 81.51 89.80 | 64.05 74.29 80.15

4 Conclusion

We presented ShapeEFM, a novel shape-based foundation model that overcomes
the limitations of discrete segmentation by conceptualizing ECG waveforms as
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semantic "Cardio-Morphemes." Through generative pre-training, our approach
achieves competitive performance on the EchoNext and CSN datasets while sig-
nificantly enhancing interpretability by mapping cardiac abnormalities to seman-
tic anomalies. ShapeEFM effectively bridges the gap between data-driven repre-
sentations and clinical physiology, offering a robust and explainable framework
for cardiovascular diagnosis. In future work, we aim to explore the integration
of multi-modal clinical data to further refine the Cardio-Morpheme vocabulary
and expand the model’s applicability to a broader spectrum of cardiovascular
pathologies.
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