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Introduction

New Perspective: Segments ECG into
"words" and "sentences’

HeartLang: Self-supervised framework for
ECG language processing

Largest Vocabulary: Covering diverse heart
conditions
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Figure 1: Two perspectives on ECG signals.
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Related Work

Contrastive-based methods:
« CLOCS [ICML 2021]

« ISL [AAAI 2022]

« BTFS [ICML 2022]

« ASTCL [TNNLS 2024]

Reconstruction-based methods:

. MaeFE [TIM 2023]
. CRT [TNNLS 2023]
. ST-MEM [ICLR 2024]

Treating them as ordinary time-series data

Focus on spatio-temporal or time-
frequency domain representation learning

Ignore morphological and semantic
representation learning
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Heartbeats have clear semantics in the time
Only two papers in ECG language processing
The vocabulary is constructed based on the
waves in the heartbeat and without contextual

information

Vocabulary does not exceed 70 words (clusters)



Method

Step 1: Generating ECG
Sentences Using the

Step 2: Vector-Quantized Heartbeat
Reconstruction Training
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Generating ECG Sentences Using the QRS-Tokenizer
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ST-ECGFormer Backbone Network

4

_—— o ——— o —

[

Transformer Block N

— 7/

[ Transformer Block 1 ]

’——————_————_—_————_——\

Position Embedding

Spatial & Temporal
Embedding

Token Embedding

N\

---------

Spatial
Embedding

—————————

Temporal
Embedding

Spatial Embedding: Assign an index to each
individual ECG word based on its lead position

Temporal Embedding: Divide the original 10s
signal into 10 intervals. Assign each individual
ECG word an index based on the interval
position of its QRS index.



Vector-Quantized Heartbeat Reconstruction Training
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Masked ECG Sentence Pre-Training
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Experiments

4.1 VQ-HBR TRAINING AND PRE-TRAINING CONFIGURATION

MIMIC-IV-ECG. This publicly accessible dataset (Gow et al., |2023) contains 800,035 12-lead
ECG recordings from 161,352 subjects. Each ECG recording was sampled at 500 Hz and lasted for
10 seconds. To prepare the pretraining dataset, we replaced the “NaN” and “Inf” values in the ECG
recordings with the average of six neighboring points.

Implementation. Before VQ-HBR training and pre-training stage, we first downsampled all records
in the dataset to 100 Hz and used the QRS-Tokenizer to transform the raw ECG recordings into a
unified ECG sentence. We split the training and validation sets into 9:1, with the validation set data
used for VQ-HBR training. In the V(j—HBR training stage, we set the learning rate to 5 x 10~°
and trained for 100 epochs, with an ECG vocabulary size of 8,192 and a collective ECG word
dimension of 128. In the pre-training stage, we set the learning rate to 5 x 10~%, trained for 200
epochs, and applied a random masking rate of 50%. For both stages, a randomly initialized ST-
ECGFormer was used as the backbone network, the AdamW optimizer was selected, and cosine
annealing was applied for learning rate scheduling. All experiments were conducted on 8 NVIDIA
GeForce RTX 4090 GPUs, with a batch size of 64 per GPU. We set the random seed to 0 to ensure
the reproducibility of all results. More experimental details are provided in the appendix.

4.2 DOWNSTREAM TASKS CONFIGURATION

We evaluated our method on the three widely used public datasets listed below, which cover over
100 types of cardiac conditions. Detailed information on the data split can be found in the appendix.

PTB-XL. This publicly accessible dataset (Wagner et al., 2020) contains 21,837 12-lead ECG
recordings collected from 18,885 patients. Each ECG recording was sampled at 500 Hz and lasted
for 10 seconds. Based on the SCP-ECG protocol, the multi-class classification task has four subsets:
Superclass (5 classes), Subclass (23 classes), Form (19 classes), and Rhythm (12 classes). We
followed the official data split (Strodthoff et al.| [2021) for training, validation, and testing.

CPSC2018. This publicly accessible dataset (Liu et al., [2018]) contains 6,877 12-lead ECG record-
ings. Each recording was sampled at 500 Hz, with durations ranging from 6 to 60 seconds. The
dataset is annotated with 9 different labels. We split the dataset into 70%:10%:20% for training,
validation, and testing.

Chapman-Shaoxing-Ningbo (CSN). This publicly accessible dataset (Zheng et al.l 2020; [2022)
contains 45,152 12-lead ECG recordings. Each ECG recording was sampled at 500 Hz and lasted
for 10 seconds. Following the configuration provided by MERL, we removed ECG records with
“unknown” annotations. The refined version of the dataset contains 23,026 ECG recordings with 38
distinct labels. We split the dataset into 70%, 10%, 20% for training, validation, and testing.

Implementation. Before fine-tuning in downstream tasks, we first downsampled all records in the
dataset to 100 Hz and used the QRS-Tokenizer to transform the raw ECG recordings into a unified
ECG sentence. For linear probing, we kept the ST-ECGFormer backbone network frozen and only
trained the randomly initialized parameters of the linear classifier. To explore the performance of our
method under low-resource conditions, we conducted linear probing using 1%, 10%, and 100% of
the training data for each task. We set the learning rate to 5 x 1073 and trained for 100 epochs. For
the CPSC2018 and CSN datasets, we scaled the ECG recordings to the range of [—3, 3] to enhance
QRS detection. All test results were obtained from the best validation model, rather than testing
the model on the test set after each epoch and reporting the highest result. For all downstream
tasks, we used the macro AUC as the evaluation metric. We set the random seed to 0 to ensure the
reproducibility of all results. More experimental details are provided in the appendix.
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Results and Discussions

Table 1: Linear probing results of HeartLang and other eSSL methods. The best results are bolded,
with gray indicating the second highest.

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

Method

SimCLR (Chen et al.}|2020} 63.41 69.77 73.53 | 60.84 68.27 73.39 | 5498 5697 6252 | 5141 6944 7773 |59.78 6852 7654 |59.02 6726 73.20
BYOL (Grill et al.}2020] 7170 7383 7645 |57.16 67.44 71.64 | 48.73 61.63 70.82 | 41.99 7440 77.17 | 60.88 74.42 7875|5420 7192 74.69
BarlowTwins (Zbontar et al.J2021}| 72.87 7596 78.41 | 62.57 70.84 74.34|52.12 6039 66.14 | 50.12 73.54 77.62 | 55.12 7275 78.39 | 60.72 71.64 77.43
MoCo-v3 (Chen et al.}|2021 73.19 76.65 78.26 | 55.88 6921 76.69 | 50.32 63.71 7131|5138 71.66 7433 | 62.13 76.74 7529 | 54.61 7426 77.68
SimSiam (Chen & He 2021 73.15 7270 75.63 | 62.52 6931 7638 | 55.16 6291 71.31 | 4930 69.47 7592 | 58.35 72.89 7531|5825 68.61 7741
TS-TCC (Eldele et al. ;{2021 70.73 7588 78091 | 53.54 6698 77.87 |48.04 61.79 71.18 | 43.34 6948 7823 | 57.07 73.62 7872|5526 6848 76.79
CLOCS (Kiyasseh et al. 2021 68.94 7336 7631|5794 7255 7624|5197 5796 72.65|47.19 71.88 7631|5959 7778 7749 | 5438 7193 76.13
ASTCL (Wang et al.;|2024] 72.51 7731 81.02 | 61.86 68.77 76.51 | 44.14 6093 6699 | 52.38 7198 76.05 | 5790 77.01 79.51 | 5640 7087 7579

CRT (Zhang et al.|2023c] 69.68 7824 7724|6198 70.82 78.67 4641 5949 6873 | 4744 7352 7441 | 58.01 7643 82.03 | 56.21 7370 78.80
ST-MEM (Na et al.[2024) 61.12 66.87 7136 | 54.12 57.86 6359|5571 5999 66.07 | 51.12 6544 7485 |56.69 6332 7039 |59.77 66.87 71.36
HeartLang (Ours) 7894 8559 87.52 | 64.68 79.34 8891 | 58.70 63.99 80.23 | 62.08 76.22 9034 | 6044 6626 7787|5794 6893 82.49
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Evaluation on Signal Slicing Perspective

VQ-HBR Eval Loss Masked Prediction Accuracy

—— Heartbeats as Words and Rhythms as Sentences
Fixed-size and Fixed-step Time Windows
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Figure 3: The validation loss curve during VQ-HBR training (left) and the prediction accuracy curve
during masked ECG sentence pre-training (right), shown from two perspectives.

Table 2: Linear probing results of two signal slicing perspectives. The best results are bolded, while

improved values are marked in , and decreased values are marked in red.
Persective PTBXL-Super PTBXL-Sub PTBXL-Form PTBXL-Rhythm
P 1% 10% 100% | 1% 10% 100% | 1% 10% 100% | 1% 10% 100%

Fixed-size and Fixed-step | ¢ 1 7769 8051 |60.87 7072 7832 |59.94 6552 76.03 | 55.83 74.00 86.05
Time Windows

Heartbeats as Words and | ;¢ o1 05 59 8752 |64.68 79.34 88.91 |58.70 63.99 8023 |62.08 76.22 90.34
Rhythms as Sentences

Improvement -1.24 -1.53
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ECG Vocabulary Visualization .
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ECG Vocabulary Visualization

Different Heartbeat Morphologies Can Convey Different Semantic Expressions
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Ablation Study

Table 3: Linear probing results of the ablation study. The best results are bolded, with gray
indicating the second highest.

Method PTBXL-Super PTBXL-Sub PTBXL-Form PTBXL-Rhythm
1% 10% 100% | 1% 10% 100% | 1% 10% 100% | 1% 10% 100%
w/o ECG Vocabulary 59.23 6151 79.68 | 49.34 50.55 73.16 | 49.33 46.88 63.25 | 4287 43.87 77.65
w/o Pre-training 70.34  77.82 80.31 | 55.70 67.64 80.57 | 53.73 57.67 66.70 | 65.98 76.49 8140
w/o Spatio-temporal Embedding | 69.78 81.79 85.12 | 58.06 73.76 87.33 | 55.09 63.37 7390 | 61.79 7483 84.93
w/o Spatial Embedding 78.74 8532 86.87 | 67.82 79.31 88.66 | 60.76 67.66 79.10 | 63.54 79.00 89.25
w/o Temporal Embedding 77.87 8486 85.85 | 64.56 7748 87.50 | 61.41 67.54 77.50 | 6544 84.74 87381
HeartLang (Ours) 78.94 8559 87.52 | 64.68 7934 8891 | 58.70 63.99 80.23 | 62.08 76.22 90.34




Conclusion

‘New ECG Signal Processing Perspective: heartbeats serve as words and rhythms as sentences
‘Introduction of QRS-Tokenizer: segment ECG signals into semantically meaningful ECG sentences

‘Development of HeartLang: learn form-level representations through vector-quantized heartbeat
reconstruction and rhythm-level representations via masked ECG sentence pre-training.

*Creation of the Largest ECG Vocabulary: capturing a wide range of heartbeat morphological
patterns across diverse cardiac conditions to enhance ECG language processing.

‘Performance Evaluation: HeartLang is evaluated on six public ECG datasets, showing strong
performance against other self-supervised learning (SSL) methods.

*Goal and Impact: The study aims to inspire ECG research, particularly in ECG language processing,
by introducing this innovative perspective and framework.



Thanks for listening



	幻灯片 1: Reading Your Heart: Learning ECG Words and Sentences via Pre-training ECG Language Model
	幻灯片 2: Introduction
	幻灯片 3: Introduction
	幻灯片 4: Related Work
	幻灯片 5: Related Work
	幻灯片 6: Method
	幻灯片 7: Generating ECG Sentences Using the QRS-Tokenizer
	幻灯片 8: ST-ECGFormer Backbone Network
	幻灯片 9: Vector-Quantized Heartbeat Reconstruction Training
	幻灯片 10: Masked ECG Sentence Pre-Training
	幻灯片 11: Experiments
	幻灯片 12: Results and Discussions
	幻灯片 13: Evaluation on Signal Slicing Perspective
	幻灯片 14: ECG Vocabulary Visualization
	幻灯片 15: ECG Vocabulary Visualization
	幻灯片 16: Ablation Study
	幻灯片 17: Conclusion
	幻灯片 18: Thanks for listening

