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ABSTRACT

Transformer-based electrocardiogram (ECG) models com-
monly tokenize waveforms into fixed temporal patches.
Though convenient, fixed patching can split heartbeat struc-
tures across token boundaries. We study beat-synchronous
tokenization as a physiologically grounded alternative, com-
paring fixed patches with three beat-aligned strategies: re-
sampled beats, adaptive pooled beats, and resampled beats
augmented with R–R interval information. Experiments span
two settings: 10-second 12-lead diagnostic classification on
PTB-XL after MIMIC-IV-ECG masked pretraining, and 60-
second single-lead rhythm classification on Icentia11k after
patient-level contrastive pretraining. On PTB-XL, resampled
beat tokens achieve the highest mean macro Area Under the
ROC Curve (AUROC; 0.8945) and nearly match the best
fixed-patch macro Area Under the Precision-Recall Curve
(AUPRC; 0.7414), reducing average sequence length from
100 to 11.2 tokens. On Icentia11k, beat-synchronous tokeniz-
ers obtain comparable AUPRC to fixed patching with better
stability across runs. These results suggest morphology-
preserving beat tokenization is a compact, competitive alter-
native to fixed temporal patching.

Index Terms— Electrocardiography, ECG Transformers,
tokenization, beat-synchronous tokenization, self-supervised
learning, representation learning, token efficiency

1. INTRODUCTION

Electrocardiography (ECG) provides a compact, non-invasive
view of cardiac electrical activity and remains central to
cardiovascular screening, diagnosis, and monitoring. Deep
learning has substantially improved automated ECG analysis
across clinical prediction tasks [1, 2, 3]. However, fully su-
pervised ECG models often depend on large expert-labeled
datasets, which are costly to curate and difficult to scale across
institutions, devices, and patient populations. Self-supervised
learning (SSL) addresses this bottleneck by pretraining ECG
encoders on unlabeled recordings and transferring the learned
representations to downstream tasks [4, 5]. This direction has
recently expanded toward ECG foundation models trained at
large scale for broad transfer across clinical settings [6, 7].
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Despite these advances, many Transformer-based ECG
models still represent the waveform as a sequence of fixed
temporal patches. Fixed patching is simple and compatible
with common SSL objectives such as masked reconstruction
[8] or contrastive learning [9, 4], but it treats ECGs as generic
time series rather than structured cardiac recordings. A fixed
patch may split a cardiac cycle across token boundaries or mix
adjacent beats, even though ECG interpretation often depends
on beat morphology, inter-beat timing, and rhythm-level orga-
nization. Since heart rate varies across patients and recording
conditions, the same patch length can correspond to different
physiological content across examples.

Recent ECG models have begun to replace fixed temporal
patches with beat-aware or physiologically structured repre-
sentations [10, 11, 12, 13, 14]. These studies support the value
of aligning ECG representations with cardiac structure, but
tokenization is often introduced together with other modeling
changes, such as specialized architectures, discrete vocabular-
ies, or ECG-text training. However, the effect of tokenization
alone on performance and efficiency remains unclear.

In this work, we test the hypothesis that beat-synchronous
tokens are more efficient alternatives to fixed temporal
patches under matched Transformer pretraining and down-
stream evaluation protocols. We compare fixed temporal
patches with three beat-synchronous tokenizers: resampled
beat tokens, adaptive pooled beat tokens, and resampled beat
tokens augmented with R–R interval information. This setup
allows us to evaluate whether cardiac-cycle alignment im-
proves the performance–efficiency tradeoff while keeping the
encoder family and evaluation protocol controlled.

We evaluate our hypothesis in two complementary set-
tings. First, we pretrain 12-lead ECG Transformers on
MIMIC-IV-ECG [15] using the masked reconstruction SSL
objective and evaluate transfer to PTB-XL [16] diagnos-
tic classification on five superclasses. Second, we pretrain
single-lead models on the Icentia11k dataset using a con-
trastive learning objective and evaluate 60-second domi-
nant rhythm classification [17]. These settings test beat-
synchronous tokenization on both standard 10-second clinical
ECGs and longer-term ambulatory recordings.

Our results show that beat-synchronous tokenization can
retain strong downstream performance while using substan-
tially shorter token sequences. On PTB-XL, the resampled



beat tokenizer achieves the highest mean macro AUROC,
while the R–R augmented tokenizer remains close to the
strongest fine-patch baseline; both use only 11.2 tokens on
average compared with 100 tokens for the finest fixed-patch
tokenizer. The adaptive-pooling variant performs substan-
tially worse, indicating that beat alignment alone is insuf-
ficient without a morphology-preserving beat encoder. On
Icentia11k, where atrial fibrillation/atrial flutter (AFib/AFL)
windows are rare, beat-synchronous tokenizers obtain com-
parable AUPRC to fixed patching and show lower run-to-run
AUPRC variability, while using approximately 68 beat tokens
on average compared with 93 fixed tokens. Overall, these
findings suggest that beat-synchronous tokenization can be
an effective and token-efficient alternative to fixed temporal
patching, but the design of the beat encoder is critical.

2. RELATED WORK

Self-supervised ECG representation learning: SSL has be-
come a common strategy for learning ECG representations
from large unlabeled datasets. Contrastive approaches define
positive pairs across time, leads, or patients to encourage clin-
ically useful invariances [9, 4], while reconstruction-based
methods train encoders to recover masked ECG segments or
patches [8]. Benchmarks on 12-lead ECGs show that SSL can
approach the performance of fully supervised learning with
reduced label dependence [5], and recent ECG foundation
models scale pretraining to larger datasets and broader trans-
fer settings [6, 7]. Most of these pipelines, however, repre-
sent the waveform using fixed temporal windows or patches,
which are convenient for Transformer encoders but not ex-
plicitly aligned with cardiac cycles.
ECG tokenization and ECG-language modeling: Recent
work has explored more structured ECG tokenization. Heart-
Lang treats heartbeats as words and rhythms as sentences, us-
ing QRS-aligned ECG sentences and vocabulary-based pre-
training [10]. RhythmBERT further develops this idea by to-
kenizing P, QRS, and T waveform components into symbolic
representations [11]. These approaches support the idea that
ECGs contain natural physiological units that may be bet-
ter suited to sequence modeling than arbitrary time patches.
At the same time, their tokenization choices are embedded
within larger systems involving discrete vocabularies, clus-
tering, wave segmentation, or specialized pretraining objec-
tives. Our work is complementary: rather than proposing
a full ECG-language framework, we directly compare fixed
temporal patches against beat-synchronous continuous tok-
enizers under matched Transformer settings.
Beat-aware and rhythm-focused modeling: Beat-level rep-
resentations have also been studied in supervised and rhythm-
monitoring contexts. Patient-adaptive beat-wise Transform-
ers use beat tokens with patient-specific symbolic morphol-
ogy for atrial fibrillation detection in long-term monitoring
[12]. BEAT-Net uses QRS-aligned tokens in a supervised

model designed to model morphology, lead-specific spatial
information, and temporal rhythm structure [13]. MELP
incorporates beat-level information into ECG-text pretrain-
ing through token-, beat-, and rhythm-level alignment [14].
While these studies indicate that beat-level structure is useful,
they do not establish whether beat-synchronous token bound-
aries alone improve the performance–efficiency tradeoff.
Position of this work: Prior work motivates physiologically
structured ECG representations, but the effect of tokenization
is often entangled with other modeling choices. We therefore
focus on a controlled comparison: fixed temporal patches ver-
sus beat-synchronous tokens, using comparable Transformer
encoders, SSL objectives, and downstream evaluation pro-
tocols. By testing resampled beats, adaptive pooled beats,
and R–R augmented beats, we not only evaluate whether beat
alignment helps, but also which beat-token designs preserve
morphology and rhythm information effectively.

3. METHODOLOGY

Fig. 1 summarizes the main difference between fixed tem-
poral patching and beat-synchronous tokenization. We study
ECG tokenization as an isolated design choice by keeping the
Transformer-style encoder and downstream evaluation proto-
col comparable across tokenizers. Given an ECG segment
X , each tokenizer maps the waveform to a token sequence
{zi}Ni=1, which is processed by a Transformer encoder and
pooled into a segment-level representation. We compare fixed
temporal patches with three beat-synchronous tokenizers.

z1 z2 z3 z4 z5

uniform time intervals
Fixed temporal patches

b1 b2 b3 b4

Δt1 Δt2 Δt3
one token per beatBeat-synchronous tokenization

Fig. 1. Fixed temporal patching divides the ECG into uni-
form time intervals, whereas beat-synchronous tokenization
defines tokens from cardiac cycles identified by R-peaks. ∆t
denotes the R–R interval between consecutive R-peaks, which
is added as timing information in Tok3.

Fixed temporal patch tokenizer: The fixed tokenizer par-
titions the ECG into non-overlapping temporal patches of
length p and embeds each patch using a one-dimensional con-
volution with kernel size and stride p. For 10-second 12-lead



ECGs sampled at 500 Hz, we evaluate p ∈ {50, 100, 250, 500},
corresponding to 100, 50, 20, and 10 tokens per recording.
For the 60-second Icentia11k setting sampled at 250 Hz, we
use p = 160, yielding 93 fixed tokens per window.
Beat-synchronous tokenizers: Beat-synchronous tokeniza-
tion uses consecutive R-peaks to define cardiac-cycle tokens.
Let ri and ri+1 be adjacent R-peak locations. The i-th beat
is extracted from the interval [ri, ri+1), so the token sequence
length is determined by the number of detected beats rather
than a fixed time grid. We evaluate three beat-token designs.
Tok1 - resampled beat tokens: Each variable-length beat is re-
sampled to a fixed length and embedded by a one-dimensional
convolution. In the 12-lead MIMIC/PTB-XL setting, each
beat is represented as a 12 × 300 segment. In the single-lead
Icentia setting, each beat is represented as a 1× 160 segment.
Tok2 - adaptive pooled beat tokens: Tok2 preserves beat
boundaries but avoids explicit temporal resampling. Variable-
length beat segments are passed through a convolutional front
end and compressed to one token using adaptive average
pooling. This tokenizer tests whether beat alignment alone is
sufficient when beat morphology is aggressively compressed.
Tok3 - resampled beat tokens with R–R timing: Tok3 uses the
same resampled beat representation as Tok1, but additionally
embeds the R–R interval associated with each beat using a
small multilayer perceptron. The R–R embedding is added to
the beat embedding before the Transformer encoder, provid-
ing explicit rhythm timing information.
Encoder architecture: All tokenizers are paired with Trans-
former encoders using hidden dimension d = 256, 8 atten-
tion heads, GELU activations, pre-layer normalization, and
dropout 0.1. For the MIMIC/PTB-XL experiments, we use
4 Transformer layers. For the Icentia experiments, we use
6 Transformer layers. Fixed-patch encoders use positional
encodings over fixed token sequences. Beat-synchronous en-
coders use padding masks because the number of beats varies
across recordings; valid token representations are mean-
pooled after the Transformer layers.
Self-supervised objectives: We use the SSL objective that
best matches each experimental setting: masked reconstruc-
tion for 10-second 12-lead diagnostic transfer, where pre-
serving waveform morphology is central, and patient-level
contrastive learning for Icentia11k, where long ambulatory
recordings allow positive pairs to be sampled from different
windows of the same patient. All SSL models were trained
until convergence rather than for a fixed update budget, so that
differences between tokenizers were not driven by unequal
pretraining progress.
Masked reconstruction pretraining for 12-lead ECG: For
the MIMIC-IV-ECG experiments, we pretrain each tokenizer
using masked reconstruction. A subset of tokens is replaced
by a learned mask token, the Transformer processes the
masked sequence, and a prediction head reconstructs the cor-
responding raw waveform patch or beat segment. Fixed-patch
models reconstruct fixed temporal patches of dimension 12p,

while beat-synchronous models reconstruct beat-level targets.
We use a mask ratio of 0.5 in all our experiments. Pretraining
uses AdamW with learning rate 2×10−5, weight decay 0.05,
batch size 256, and 20 epochs.
Patient-level contrastive pretraining for Icentia11k: We
pretrain a 60-second single-lead fixed-patch encoder using
patient-level contrastive learning. Each positive pair con-
sists of two different 60-second windows sampled from
the same patient, while windows from other patients in
the minibatch are negatives. The encoder is trained with
an InfoNCE-style contrastive objective [18]. In the down-
stream Icentia comparison, the fixed-patch model uses this
pretrained encoder directly. The beat-synchronous and beat-
synchronous+HR models initialize shared convolutional and
Transformer weights from the same fixed-patch checkpoint
by applying the learned 160-sample convolution to resam-
pled beat windows; Tok3 additionally learns the R–R interval
encoder during downstream training. This design makes the
experiment a direct comparison of downstream tokenization
choices under the same pretrained initialization. We evaluate
Tok1 and Tok3 in this setting because Tok2 performed sub-
stantially worse in the PTB-XL experiment, indicating that
adaptive pooling was not a competitive beat-token design.

4. EXPERIMENTAL SETUP

MIMIC-IV-ECG pretraining data: We use MIMIC-IV-
ECG as the unlabeled 12-lead pretraining corpus [15]. Records
are represented as 10-second, 12-lead ECGs sampled at 500
Hz, giving tensors of shape 12×5000. Invalid values are sani-
tized by removing highly corrupted records, interpolating mi-
nor missing segments, clipping amplitudes to [−5, 5], and ap-
plying per-lead z-score normalization. For beat-synchronous
pretraining, R-peaks are detected from lead II, and consecu-
tive R-peaks define beat intervals. We use a maximum of 35
beats for padding and positional encoding.
PTB-XL downstream task: We evaluate 12-lead transfer on
PTB-XL five-superclass diagnostic classification [16]. The
Standard Communication Protocol (SCP) codes are mapped
to the standard diagnostic superclasses: NORM (Normal
ECG), MI (Myocardial Infarction), STTC (ST/T-Change),
CD (Conduction Disturbance), and HYP (Hypertrophy). We
follow the official PTB-XL stratified split: folds 1–8 for train-
ing, fold 9 for validation, and fold 10 for testing. Records
without any superclass label or missing waveform files are
removed. Each model is fine-tuned for multi-label classifica-
tion with a five-output prediction head. We select checkpoints
by validation macro AUPRC and report test macro AUROC
and macro AUPRC over five runs.
PTB-XL token counts: For fixed patches, the token count
is determined by the patch size: p = 50 gives 100 tokens,
p = 100 gives 50 tokens, p = 250 gives 20 tokens, and
p = 500 gives 10 tokens. For beat-synchronous tokeniz-
ers, the sequence length is determined by detected cardiac



cycles. On the PTB-XL training set, beat tokenization yields
11.2 beats per record on average, with median 11, interquar-
tile range 10–12, 90th percentile 14, and 95th percentile 16.
The maximum padding length of 35 covers all records.
Icentia11k pretraining and downstream splits: We use
Icentia11k [17] for long-context single-lead rhythm evalua-
tion. The dataset is sampled at 250 Hz and contains 11,000
patients. We split patients into 8,800 SSL pretraining patients,
1,100 supervised training patients, 550 validation patients,
and 550 test patients. All splits are patient-level.
Icentia preprocessing and labeling: ECG records are band-
pass filtered between 0.5 and 40 Hz using a zero-phase But-
terworth filter and normalized by per-window z-scoring. We
use 60-second windows, corresponding to 15,000 samples.
Rhythm annotations include normal sinus rhythm (NSR),
atrial fibrillation (AFib), and atrial flutter (AFL). Those an-
notations are converted into non-overlapping intervals. A
window is retained only if the annotated rhythm coverage and
dominant rhythm occupancy both satisfy a 90% purity thresh-
old. Labels are binarized as N versus AFib/AFL, with AFib
and AFL mapped to the positive class. Beat-synchronous
models utilize labeled beat annotations as R-peak locations,
keep valid beats (including normal and ectopic beats), and
exclude unclassified beats.
Icentia evaluation manifests: To ensure fair comparison,
validation and test windows are generated once as frozen
manifests and reused for all tokenizers. Thus, fixed patch-
ing, Tok1, and Tok3 are evaluated on the same patients,
records, window start times, and labels. The final validation
set contains 1,088 windows, with 83 AFib/AFL positives
(7.6%) and 1,005 N windows (92.4%). The test set con-
tains 1,082 windows, with 80 AFib/AFL positives (7.4%)
and 1,002 N windows (92.6%). During supervised training,
windows are sampled with a balanced class probability (i.e.,
p(AFib/AFL) = 0.5), whereas validation and test sets use
the natural class prevalence.
Icentia token counts: For fixed patching, p = 160 gives 93
fixed tokens per 60-second window. For beat-synchronous
tokenization, the token count varies with heart rate. Across
valid 60-second Icentia windows, the mean number of beats
is 68.1, the median is 67, the interquartile range is 59–76, and
the 95th percentile is 93. We therefore set the maximum beat
sequence length to 93, which covers approximately 95.4% of
valid windows.
Icentia downstream training and metrics: The Icen-
tia downstream task is binary classification of N versus
AFib/AFL. Models are trained with cross-entropy loss us-
ing AdamW, with learning rate 10−4 for encoder parameters,
10−3 for the classifier, and weight decay 10−4. Each model is
trained for 10 epochs with batch size 64, and the best check-
point is selected by validation AUPRC. We report AUROC
and AUPRC on the held-out test set, emphasizing AUPRC
because AFib/AFL windows are rare [19].
Data and code availability: The data used in this study are

Table 1. PTB-XL five-superclass classification after MIMIC-
IV-ECG masked pretraining. Results are shown as mean ±
standard deviation over five runs. Token counts are provided
for a 10-second ECG.

Tokenizer Tokens Macro AUROC Macro AUPRC

Fixed CNN, p = 50 100 0.8903± 0.0014 0.7419± 0.0025
Fixed CNN, p = 100 50 0.8858± 0.0007 0.7345± 0.0043
Fixed CNN, p = 250 20 0.8717± 0.0008 0.7033± 0.0017
Fixed CNN, p = 500 10 0.8479± 0.0019 0.6530± 0.0055

Tok1, resampled beats 11.2 avg. 0.8945± 0.0012 0.7414± 0.0037
Tok2, adaptive pooled beats 11.2 avg. 0.8276± 0.0034 0.6328± 0.0072
Tok3, resampled beats + R–R 11.2 avg. 0.8928± 0.0015 0.7399± 0.0039

publicly available from MIMIC-IV-ECG [15], PTB-XL [16],
and Icentia11k [17]. The code and pretrained models will be
released upon acceptance of this manuscript.

5. RESULTS AND DISCUSSION

PTB-XL diagnostic classification: Table 1 shows the main
12-lead diagnostic transfer results on PTB-XL. Among fixed
temporal patch tokenizers, the finest patch size, p = 50, pro-
vides the best performance, achieving 0.8903 macro AUROC
and 0.7419 macro AUPRC. Performance decreases as the
fixed patch size increases, indicating that coarse fixed patches
lose diagnostically useful waveform detail. In contrast, Tok1
achieves the highest mean macro AUROC (0.8945) and
nearly matches the best fixed-patch macro AUPRC, with
a negligible absolute difference from fixed p = 50. Tok3
also performs close to fixed p = 50, reaching 0.8928 macro
AUROC and 0.7399 macro AUPRC.
Token efficiency: The PTB-XL results highlight the main ef-
ficiency advantage of beat-synchronous tokenization. Fixed
p = 50 uses 100 tokens for each 10-second ECG, whereas
Tok1 and Tok3 use 11.2 beat tokens on average. Thus, the
beat-synchronous models obtain comparable or slightly better
AUROC and nearly identical AUPRC while reducing the av-
erage sequence length by almost an order of magnitude. This
matters for Transformer-based ECG modeling because self-
attention has quadratic complexity in the number of tokens
[20]. Although fixed p = 500 uses a similar number of to-
kens to the beat-synchronous models, its performance is much
lower, suggesting that token count alone does not explain the
result. Beat-synchronous tokens preserve a physiologically
meaningful unit of analysis while remaining compact.
Beat alignment alone is not sufficient: Tok2 performs
substantially worse than Tok1 and Tok3, despite using the
same beat boundaries. This suggests that the benefit of beat-
synchronous tokenization depends on how each beat is en-
coded. Adaptive pooling compresses variable-length beats
into a single token after a convolutional front end, but this ag-
gressive compression appears to discard morphology needed
for downstream diagnosis. In contrast, Tok1 and Tok3 resam-
ple each cardiac cycle to a fixed length before convolutional



Table 2. Icentia11k 60-second NSR vs. AFib/AFL classifi-
cation after patient-level contrastive pretraining. Results are
mean ± standard deviation over five runs.

Tokenizer Tokens AUROC AUPRC

Fixed CNN, p = 160 93 0.9888± 0.0031 0.8514± 0.0676
Tok1, resampled beats 68.1 avg. 0.9715± 0.0050 0.8514± 0.0076
Tok3, resampled beats + R–R 68.1 avg. 0.9669± 0.0065 0.8515± 0.0202

embedding, preserving more within-beat structure. There-
fore, the main conclusion is not simply that “beats are better,”
but that beat-synchronous tokens must preserve morphology
and, when relevant, timing information.
Icentia11k long-context rhythm classification: Table 2 re-
ports the 60-second Icentia11k rhythm classification results.
Fixed patching obtains the highest AUROC, 0.9888, indicat-
ing stronger overall ranking performance in this single-lead
rhythm setting. However, AFib/AFL windows are rare in the
held-out test set, comprising only 7.4% of examples, making
AUPRC especially important [19]. Under this metric, Tok1
and Tok3 achieve essentially the same mean AUPRC as fixed
patching while using fewer tokens on average. Tok1 reaches
0.8514 AUPRC, and Tok3 obtains the highest mean AUPRC,
0.8515, although the difference is negligible. These results
suggest that beat-synchronous tokenization remains competi-
tive for imbalanced long-context rhythm classification.
Stability under class imbalance: The Icentia11k results
also show a notable difference in run-to-run variability. Fixed
patching has a large AUPRC standard deviation of 0.0676,
while Tok1 and Tok3 have smaller standard deviations of
0.0076 and 0.0202, respectively. Since validation and test
windows are frozen and identical across tokenizers, this
difference is not due to changing evaluation examples. A
plausible explanation is that beat-synchronous tokenization
imposes a stronger rhythm-level inductive bias by present-
ing the model with cardiac-cycle units rather than arbitrary
fixed patches. This may be helpful when the positive class is
rare and precision-recall performance is sensitive to a small
number of difficult examples.
Overall interpretation: Across both settings, beat-syn-
chronous tokenization provides a favorable performance–
efficiency tradeoff, but it is not uniformly superior on every
metric. On PTB-XL, Tok1 and Tok3 match the strongest
fixed-patch baseline with far fewer tokens. On Icentia11k,
beat-synchronous tokenizers match fixed-patch AUPRC and
are more stable across runs, but fixed patching achieves higher
AUROC. These findings support a balanced conclusion:
cardiac-cycle alignment is a useful inductive bias for ECG
Transformers, especially for compact sequence modeling,
but the design of the beat encoder is critical. Morphology-
preserving beat representations work well, whereas overly
compressed beat tokens lose important diagnostic details.

6. CONCLUSION

We studied two tokenization strategies for Transformer-based
ECG representation learning, comparing fixed temporal
patches with beat-synchronous tokenizers under matched
pretraining and downstream evaluation protocols. Across 12-
lead PTB-XL diagnostic classification and 60-second Icen-
tia11k rhythm classification, beat-synchronous tokenization
achieved competitive performance with shorter, physiologi-
cally meaningful token sequences. The strongest beat-based
variants, Tok1 and Tok3, matched fine fixed-patch perfor-
mance on PTB-XL while using substantially fewer tokens,
and achieved comparable AUPRC with lower run-to-run
variability on imbalanced Icentia11k rhythm classification.
However, the poor performance of the adaptive-pooling
variant of beat-synchronous tokenization shows that beat
alignment alone is not sufficient: beat-token design must pre-
serve morphology and, when relevant, timing information.
These results suggest that beat-synchronous tokenization is a
promising token-efficient alternative to fixed temporal patch-
ing, but future work should explore stronger beat encoders,
larger-scale beat-level pretraining, and broader evaluation
across rhythm and morphology-focused ECG tasks.
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