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ABSTRACT This research investigates Time-Series Transformer architectures for Electrocardiogram (ECG)
heartbeat classification, particularly focusing on their generalization capabilities towards new patients
and varying signal sampling rates, a critical challenge in real-world clinical applications. This study
conducts a systematic comparison between Transformers and Convolutional Neural Network (CNN) models
using the St. Petersburg Institute of Cardiological Technics 12-lead Arrhythmia Database (INCART).
Key aspects explored include the impact of different input modalities (raw ECG, Continuous Wavelet
Transform (CWT) scalograms, and their combination), various Positional Encoding (PE) schemes for
Transformers, and the effect of integrating expert-derived RR interval features through different feature
fusion techniques. Transformers, especially with concatenation-based PE schemes and CWT or combined
ECG+CWT inputs, consistently outperformed CNNs in classification accuracy and generalization when
expert features were not used. They demonstrated more than 30% better generalization to unseen patients,
and 20% better generalization to unseen patients and sampling rates. Ultimately, this study emphasizes that
robust ECG classifiers depend heavily on deliberate architectural choices, positional encoding schemes,
input representations, and the integration of expert features to handle inter-patient and sampling rate
variations. Importantly, it also demonstrates that Time-Series Transformers can achieve strong results even
with relatively modest model sizes and datasets.

INDEX TERMS Deep learning, transformer, time-series, sampling rate, ECG, classification.

I. INTRODUCTION
Cardiovascular Diseasess (CVDs) represent a spectrum of
disorders affecting the heart and blood vessels, including
coronary heart disease, cerebrovascular disease, rheumatic
heart disease, and other conditions. They stand as the
foremost global health challenge and the leading cause of
mortality worldwide. In 2019 alone, an estimated 17.9million
lives were lost to CVDs, accounting for 32% of all
global deaths, with a disproportionate impact on low- and
middle-income countries where preventative measures and
access to advanced healthcare are often limited [1], [2].
Beyond mortality, CVDs impose a significant burden of
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disability and economic cost, underscoring the urgent need
for effective diagnostic and management strategies [3].

Central to the diagnosis and monitoring of a wide
array of cardiovascular conditions is the Electrocardiogram
(ECG). This non-invasive and relatively inexpensive tool
provides a graphical representation of the heart’s electrical
activity, offering crucial insights for detecting arrhythmias,
heart disease, and electrolyte imbalances, among other
pathologies [4], [5]. However, the manual interpretation of
ECG recordings is a time-consuming process that requires
significant expertise, and its large volume in clinical practice
can lead to a substantial workload for cardiologists and
trained medical personnel. This reliance on manual analysis
can introduce challenges such as delays in diagnosis, inter-
observer variability in interpretation, and limited accessibility
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to expert review, particularly in resource-constrained environ-
ments or remote geographical areas [6].

Automated analysis of the ECG signal is therefore crucial
for advancing cardiovascular healthcare, providing scalable,
consistent, and accessible methods for arrhythmia detection
and broader cardiac assessment. By leveraging machine
learning algorithms automated ECG classification systems
can assist clinicians by providing rapid initial screen-
ings, highlighting potential abnormalities, and improving
diagnostic efficiency. This not only has the potential to
alleviate the burden on healthcare professionals but also
to facilitate earlier detection of critical heart conditions,
ultimately enabling more timely interventions and improving
patient outcomes, especially in underserved populations.
While deep learning has shown considerable promise in
this domain, a critical challenge is the development of
models that exhibit strong generalization capabilities. This
is especially challenging due to the inherent variability
in real-world ECG datasets, which includes significant
inter-patient differences and, crucially, inconsistencies in
sampling rates across various clinical datasets and ECG
capturing devices [7], [8]. This paper explores the potential of
Time-Series Transformer architectures to address these chal-
lenges, focusing on their ability to generalize effectively to
unseen patients and adapt to new, previously unseen sampling
rates.

To achieve such robust generalization, this paper performs
a comprehensive investigation into Time-Series Transform-
ers, comparing their performance systematically against the
Convolutional Neural Networks (CNN) approach commonly
employed in ECG classification research. We rigorously
evaluate how these two architecture families handle data het-
erogeneity, particularly focusing on generalization towards
unseen patients and robustness to variations in sampling
rates. This comparative analysis extends to an exploration
of different input types (raw ECG, Continuous Wavelet
Transform (CWT) scalograms, and their combination),
various Positional Encodings (PEs) schemes for the Trans-
former architecture, and the impact of integrating expert
clinical knowledge, specifically RR interval features, through
different feature fusion techniques. A significant aspect
of this work is to demonstrate that while Transformers
are often associated with training on enormous datasets
and requiring billions of parameters, they can effectively
challenge established architectures like CNNs even with
considerably smaller models (a couple of million parameters)
and more modestly sized datasets (less than 100,000 training
samples). The insights gained are crucial for developing
deployable diagnostic tools and may guide the architecture
of future large-scale, pre-trained foundation models for
ECG [9], [10].
The main contributions of this paper are:
• A systematic comparison of Time-Series Transformers
and CNN architectures for ECG heartbeat classification,
evaluating their performance and generalization capabil-
ities across both unseen patients and unseen sampling

rates on two gold-standard databases (INCART and
MIT-BIH), including raw ECG, CWT, and combined
inputs.

• An empirical evaluation of four distinct Positional
Encoding schemes for Transformer models (standard
additive sinusoidal, learned, timestamp concatenation,
and linspace concatenation).

• A comparative analysis of incorporating expert RR
interval features, detailing the effects of early versus late
fusion within Transformers compared to multi-headed
integration in CNNs.

• A demonstration that Time-Series Transformers can
achieve competitive, and often superior (e.g., more than
30%more accurate than CNNs without expert features),
performance in ECG classification with relatively mod-
est model sizes and datasets, challenging the notion that
they are only suited for scenarios with massive datasets
and computational resources.

• The public release of the source code and trained models
developed in this paper (https://github.com/timodw/
heartbeat_classification_using_transformers) to ensure
reproducibility and facilitate future research building
upon these findings.

The remainder of this paper is structured as follows.
Section II reviews relevant literature concerning CNNs
and Transformers for ECG analysis, addressing sampling
rate invariance, positional encoding, and feature fusion.
Section III details the INCART dataset, preprocessing steps,
implemented model architectures, experimental configura-
tions, and used evaluation metrics. Section IV presents and
interprets the findings from our comparative experiments,
particularly focusing on the impact of RR interval features
and generalization capabilities. Building on this, Section V
summarizes the key insights derived from the study. Finally,
Section VI concludes the paper and suggests directions for
future research.

II. RELATED WORK
The pursuit of robust and generalizable deep learning models
for automated ECG analysis is critical for advancing cardio-
vascular healthcare. While CNNs have become a cornerstone
in this domain, demonstrating success in arrhythmia detec-
tion and heartbeat classification [11], achieving consistent
generalization towards unseen patients and across datasets
with varying characteristics, such as different sampling rates,
remains a significant hurdle.

CNNs excel at learning hierarchical features from raw 1D
ECG segments [12] or 2D time-frequency representations
like CWT scalograms [13]. The utility of such transformed
inputs is further evidenced by studies improving deep
CNN performance using wavelet transforms [14] or by
classifying ECG scalograms with architectures that combine
CNN feature extractors with classifiers like SVMs [15].
Common architectures range from custom designs to estab-
lished networks like ResNet [16], and are often combined
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with Recurrent Neural Networks (RNNs) like Bidirectional
Long Short-Term Memory Network (Bi-LSTM) to better
capture temporal dependencies [17]. While effective for local
morphological patterns, the fixed receptive field of standard
convolutions limits the modeling of long-range dependencies
crucial for rhythm analysis. Similarly, RNNs can struggle
with gradient stability and capturing truly global context in
long ECG recordings. These limitations have motivated the
adoption of Transformer-based architectures.

In contrast, Transformers leverage self-attention mecha-
nisms to capture global dependencies across entire sequences,
a characteristic increasingly explored for physiological
time series, including Electroencephalogram (EEG) and
ECG [18], [19], [20]. A common and effective strategy when
applying Transformers to ECG data involves utilizing CNNs
as initial feature extractors or to generate patch embeddings,
which are then fed into the Transformer blocks. This hybrid
CNN-Transformer architecture is exemplified in models such
as Cat-Net [21], and has been extended to use multi-scale
convolutional inputs [22], combine a Transformer’s output
with scalar clinical features [23], or create complex parallel
models. These more advanced designs include dual-branch
systems that fuse features from a CNN and a Vision Trans-
former (ViT) via cross-attention [24] or process time-domain
and frequency-domain representations in separate network
branches before fusion [25]. In addition to fusion-based
strategies, other work has focused on modifying the core
Transformer architecture itself, for example by proposing
constrained Transformer networks better tailored for ECG
signal characteristics [26]. While these sophisticated archi-
tectures show promise, their evaluations do not always
employ a patient-independent data split and typically rely on a
fixed, standardized sampling rate, leaving key generalization
challenges unaddressed.

Despite this progress, several aspects critical for building
truly deployable models remain underexplored. First, robust-
ness to sampling rate variability is a major practical hurdle,
as clinical data is often captured at different frequencies (e.g.,
257Hz, 360Hz, 500Hz) [7], [8]. While some methods exist
for rate invariance [27], [28], a systematic comparison of how
modern architectures like CNNs and Transformers generalize
to unseen sampling rates is largely absent. Second, while an
effective PEs scheme is essential for Transformers [29], the
comparative efficacy of different PEs approaches—beyond
standard sinusoidal or learned embeddings [30], [31], [32]
to include concatenation-based methods [33], [34] on their
generalization capability for ECG analysis has not been
thoroughly investigated. Third, while incorporating expert
domain knowledge via RR-interval fusion is a known strategy
to boost performance [13], [35], [36], and early work has
explored fusing Transformers with temporal features [37],
its specific influence on the sampling rate robustness of
different architectures is not well understood. This paper is
designed to address these three specific gaps through a series
of systematic experiments comparing architectures, PEs
schemes, and feature fusion strategies, with a primary focus

on generalization to unseen patients and new, interpolated
sampling rates.

To contextualize our contributions and highlight the
comprehensive nature of our evaluation, we systematically
review how prior works address several critical aspects of
model assessment. Table 1 provides a comparative summary,
indicating whether selected studies explicitly evaluate their
models for:

• Generalization towards unseen patients
• Generalization towards unseen sampling rates
• Evaluation of different Positional Encoding schemes
• Direct comparison against CNNs
• Use of feature fusion
• Classify individual heartbeats
Ultimately, addressing these multifaceted aspects is crucial

for advancing towards truly robust and generalizable ECG
analysis tools. The insights from existing literature, coupled
with the identified gaps that our work aims to fill, motivate
the experimental design of this paper. By systematically eval-
uating Transformers against CNNs across these dimensions,
particularly focusing on generalization to unseen patients
and sampling rates, and demonstrating their efficacy even
with compact model sizes and datasets, this research aims
to provide critical insights for developing reliable clinical
decision support systems.

III. METHODOLOGY
This section details the used dataset, preprocessing pipeline,
evaluated input representations, model architectures, and
experimental configurations employed in this study.

A. DATASET
The dataset used in this research is the St. Petersburg
INCART 12-lead Arrhythmia Database, available on Phys-
ioNet.1 This database contains 75 annotated recordings from
32 patients, each sampled at a frequency (fs) of 257Hz.
For this study, we exclusively utilized the Lead II data
from each recording, as this lead was consistently present
across all records in the database, ensuring a uniform input
signal for our analysis. For our heartbeat classification
task, we focused on three primary classes present in the
INCART dataset: Normal (N), Supraventricular Ectopic Beat
(SVEB), and Ventricular Ectopic Beat (VEB). Following
the AAMI EC57 standard, heartbeats can be classified
into five superclasses: Normal, SVEB, VEB, Fusion (F),
and Unknown (Q). However, beats annotated as Fusion or
Unknown were excluded from our analysis due to their
extremely limited sample size in the INCART dataset. The
rarity of F and Q samples would make reliable model
training difficult and, more critically, prevent meaningful
evaluation of generalization performance for these categories,
particularly given our strict patient-independent evaluation
protocol where these rare beats only appear in a handful of
patients.

1https://physionet.org/content/incartdb/1.0.0/
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TABLE 1. Comparison of evaluation strategies in the ECG classification literature presented in this section. (✓indicates the aspect was explicitly
evaluated; – indicates not explicitly evaluated or not applicable).

To assess the models’ ability to generalize to new indi-
viduals, a strict patient-independent split was implemented.
We specifically opted for a 50/50 training-validation split
to create a challenging evaluation scenario with a large
number of unseen patients in the validation set. This split was
achieved using the StratifiedGroupKFold function
from the scikit-learn library [40] with two splits, which
ensures that no patient appears in both sets while maintaining
a comparable class distribution across them. The resulting
split assigned patients to the training and evaluation sets as
follows:

• Training Set Patients: 1, 2, 4, 5, 7, 8, 10, 12, 18, 19, 20,
23, 25, 27, 28, 30, 32 (17 patients)

• Evaluation Set Patients: 3, 6, 9, 14, 22, 26, 11, 13, 15,
16, 17, 21, 24, 29, 31 (15 patients)

This patient-independent split resulted in the class distribu-
tions detailed in Table 2.

TABLE 2. Class distribution of heartbeat samples in the training and
evaluation sets after patient-independent splitting.

To mitigate the effects of the inherent class imbalance
shown in Table 2, a balanced batch sampling strategy was
employed during training (described in Section III-H), and
performance was assessed using metrics robust to imbalance
(Section III-I).

B. PREPROCESSING AND SEGMENTATION
Prior to heartbeat segmentation, the raw continuous ECG
signals underwent several preprocessing steps. First, baseline
wander was removed using two consecutive passes of a

median filter. The first pass used a window size equivalent
to 0.2 × fs samples, and the second pass used a window size
of 0.6× fs samples, where fs is the sampling rate of the signal
(original or resampled). Second, after baseline correction,
the signals were normalized relative to the average R-peak
amplitude by dividing the signal by the mean amplitude
calculated across all annotated R-peaks within that specific
recording.

Individual heartbeats were subsequently segmented using
the R-peak annotations provided within the INCART dataset.
Each segment was defined from the R-peak of the preceding
beat (Ri−1) to the R-peak of the subsequent beat (Ri+1).
To ensure segments could accommodate resampling up to
500Hzwithin a fixed input size, any heartbeat segment where
the duration between Ri−1 and Ri+1 exceeded 2 seconds was
discarded. All remaining segments were then padded with a
value of−1 to achieve a uniform length of 1000 samples. This
padding value was chosen to be distinct from the expected
normalized signal range (0 to 1). An example of a resulting
segmented and padded heartbeat window is illustrated in
Figure 1.

FIGURE 1. An example of a segmented and padded heartbeat window.

C. INPUT MODALITIES
To evaluate the impact of the used input modality, we utilized
three different representations for the segmented heartbeats:

1) Raw ECG: The preprocessed, segmented, and padded
1D time series signal, resulting in an input vector of
shape (1000, 1).

2) Continuous Wavelet Transform (CWT): The
time-frequency representation was obtained using
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the CWT with the Mexican Hat (‘mexh’) wavelet
function. The CWT is a type of time-frequency domain
transformation that uses the same base idea as the STFT
but makes it more adjustable through the inclusion of
a selectable wavelet function and the use of scale and
translation parameters. Given a signal x(t), the CWT is
defined as shown in Equation (1):

Ca(b) =
1

√
a

∫
∞

−∞

x(t) · φ

(
t − b
a

)
dt, (1)

where a and b represent scale and translation parame-
ters, respectively and φ(t) is the wavelet function used.
The wavelet function φ(t) that we used is the Mexican
Hat wavelet and is represented in Equation (2):

φ(t) =
2

√
3 4
√

π
exp

(
−
t2

2

) (
1 − t2

)
. (2)

The scale parameter (a) can also easily be transformed
to its corresponding frequency by Equation (3):

f =
fc · fs
a

, (3)

where fc indicates the center frequency of the used
wavelet and fs is the sampling frequency of the original
signal. By iterating over the different time steps while
varying the scale parameter, and thus the frequency, one
can use this transformation to obtain a 2D scalogram
in the time-frequency domain of the original signal.
This paper uses the same wavelet as used in previous
work, as it closelymatches the shape of ECGwaveform
and is already widely used in ECG signal analysis.
For this paper’s specific implementation, the CWT
was computed using pywt.cwt [41] to produce a
(1000, 100) time-frequency grid for each heartbeat
segment. An example visualization is provided in
Figure 2.

3) RR Features:We employed four RR interval features:
previous RR, next RR, local RR (mean of the last
10 preceding RR intervals), and the ratio of the next to
the previous RR. A key difference in this work is that
all interval durations were calculated in milliseconds
(ms) based on the annotated R-peak timings, rather
than in number of samples. This conversion ensures
the features are inherently independent of the signal’s
sampling rate, which is crucial for the invariance
analysis performed in this paper. Figure 3 visualizes
how each RR feature relates to the ECG signal.

Following segmentation and feature/representation gener-
ation, specific normalization procedures were applied to each
input modality:

• Raw ECG: Each segmented and padded heartbeat
window underwent an additional min-max scaling step
applied only to the non-padded values. The mini-
mum and maximum values were determined from the
non-padded portion of that specific window, and these
values were used to scale this portion to the range [0, 1].

FIGURE 2. An example of the CWT representation of a segmented
heartbeat.

FIGURE 3. A visualization of how the RR features relate to the ECG signal.

The padded values (-1) remained unchanged by this
scaling.

• CWT: The computed CWT magnitudes for each heart-
beat window were normalized independently, following
the same min-max scaling strategy applied to the
Raw ECG. Specifically, the minimum and maximum
magnitude values within each CWT window were used
to scale the values of that window to the range [0, 1],
ensuring that this scalingwas applied only to the relevant
CWT coefficients, analogous to the non-padded values
in the ECG data.

• RR Features: Similarly, the four RR interval features
(now in ms) were normalized using per-patient min-max
scaling to the range [0, 1].

This strategy applies a local, per-beat normalization (min-
max scaling) independently to both the primary ECG
waveform and its CWT representation, while the auxiliary
RR features are normalized on a broader, per-patient basis.

D. DATASET RESAMPLING
A central goal of this paper is to evaluate the sampling
rate invariance capabilities of CNNs and Transformers,
specifically focusing on their ability to generalize to unseen
frequencies interpolated between those encountered during
training. To facilitate this analysis, the preprocessed and
segmented heartbeat data were resampled to various tar-
get frequencies using the Fourier method implemented in
scipy.signal.resample [42]. Consistent with the pre-
processing pipeline, the CWT representation was computed
after resampling the raw ECG signal to each target frequency.

The experimental setup was designed to assess interpola-
tion performance. Models were trained using data resampled
to a set of nine distinct frequencies:
(100, 150, 200, 250, 300, 350, 400, 450, 500) Hz. Following
training, the models’ ability to handle intermediate sampling
rates was evaluated using data resampled to a different
set of eight interleaved, previously unseen frequencies:
(125, 175, 225, 275, 325, 375, 425, 475) Hz. Crucially, the
patient-independent data splitting described in Section III-A
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was strictly maintained across all resampled datasets. This
ensures that the evaluation reflects generalization not only to
unseen intermediate sampling frequencies but also to unseen
patients.

E. MODEL ARCHITECTURES
Two main deep learning architectures were implemented and
compared: a Convolutional Neural Network (CNN) based
on prior work [13], [39], and a Transformer-based encoder
model. Both architectures were designed to handle different
combinations of input modalities (Raw ECG, CWT, and RR
Features).

1) CONVOLUTIONAL NEURAL NETWORK (CNN)
The CNN architecture, visualized in Figure 4, utilizes
separate processing heads for each input modality, a method
that facilitates the late fusion of scalar features with features
extracted from time-series data. This architectural choice
draws inspiration from the multi-head design used in [39] and
builds upon the CWT-based architecture from [13].

FIGURE 4. A visualization of the implemented CNN architectures showing
its 3 different heads.

• ECG Head (1D CNN): Processes the raw ECG signal
(B, 1, 1000). It consists of three sequential blocks, each
containing a Conv1d layer (output channels: 16, 32,
64; kernel sizes: 7, 3, 3 respectively), BatchNorm1d,
LeakyReLU activation (negative slope = 0.2), and
MaxPool1d (kernel sizes: 5, 3). The final block uses
AdaptiveMaxPool1d(1) instead of standard max
pooling, followed by a Flatten layer to produce a 64-
dimensional feature vector.

• CWT Head (2D CNN): Processes the CWT repre-
sentation (B, 1, 1000, 100). Its structure is the same as
the ECG Head but it employs 2D operations instead
of 1D (Conv2d, BatchNorm2d, MaxPool2d,
AdaptiveMaxPool2d((1, 1))). It also outputs
a 64-dimensional feature vector after the use of a
Flatten layer.

• RR Feature Head (MLP): Processes the 4 RR
interval features (B, 4). It comprises three lin-
ear layers with LeakyReLU activations (negative

slope = 0.2): Linear(4 → 128), Linear(128
→ 128), and Linear(128 → 64), outputting a
64-dimensional vector.

Depending on the input modalities used in a specific
experiment (e.g., Raw ECG only, CWT+RR, Raw
ECG+CWT+RR), the outputs from the corresponding active
heads are concatenated. This concatenated feature vector
(size 64×Nmodalities, where Nmodalities is the number of active
input types) is fed into a final classifier Multilayer Perceptron
(MLP) consisting of four linear layers (Linear(input →

256), Linear(256 → 64), Linear(64 → 32),
Linear(32 → 3)) with intermediate LeakyReLU
activations (negative slope = 0.2). All convolutional and
linear layer weights were initialized using Kaiming Normal
initialization [43], and biases were initialized to zero. The
approximate number of trainable parameters for the full CNN
model (all heads active) is 125 000.

2) TRANSFORMER
An encoder-only Transformer architecture, inspired by the
BERT family [30] and visualized in Figure 5, was imple-
mented.

FIGURE 5. A visualization of the implemented Transformer architecture.

• Input Embedding: Input samples (concatenated ECG,
CWT, and potentially RR features for early fusion)
are projected into an embedding space of dimen-
sion dembedding = 256 using a single linear layer
(Linear(input → 256)). The number of input
features to this layer depends on the selected input
modalities and PEs scheme.

• Positional Encoding (PE): Various PEs schemes
(detailed in Section III-F) are applied to inject positional
information into the embeddings.

• Transformer Encoder: The core of the model consists
of Nlayers = 2 Transformer encoder layers. Each
layer utilizes multi-head self-attention (Nheads =

dembedding/64 = 4) and a position-wise Feedforward
Neural Network (FNN) (FNN dimension dFNN =

dembedding × 4 = 1024). We employed pre-layer
normalization (norm_first=True) and a dropout
rate of 0.3 within the encoder layers [29]. The standard
ReLU activation was used within the FNN.

• Output Pooling: After the final encoder layer and layer
normalization, the output sequence (B, 1000, dembedding)
is processed by swapping dimensions, applying average
pooling (AvgPool1d) across the time dimension, and
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flattening to produce a single vector of size dembedding =

256 per heartbeat.
• RR Feature Head (Late Fusion): For the late fusion
configuration, a separate MLP processes the 4 RR
features (Linear(4 → 128) → ReLU
→ Linear(128 → 128) → ReLU →

Linear(128 → 64) → ReLU), yielding a 64-
dimensional vector.

• Classifier Head: The pooled output from the Trans-
former encoder (potentially concatenated with the RR
feature vector from the late fusion head) is passed
through a final classifier MLP (Linear(input →

512) → ReLU → Linear(512 → 3)).
The approximate number of trainable parameters for the

Transformer model (configuration dependent on fusion/PE)
is 1 800 000.

F. POSITIONAL ENCODING SCHEMES
Since the self-attention mechanism in Transformers is
permutation-invariant, explicit positional information must
be provided. We evaluated four distinct PEs schemes for the
Transformer model:

1) Standard Addition: The original fixed sinusoidal
PEs proposed by Vaswani et al. [29]. These position-
dependent vectors of dimension dembedding are added
element-wise to the input embeddings. Visualization:
Figure 6.

FIGURE 6. A visualization of the standard addition positional encoding
scheme.

2) Zero (Learned): A learnable embedding layer imple-
mented as torch.nn.parameter.Parameter
with shape (1,Ninput , dembedding), initialized randomly
using torch.randn. This learned positional vector
is added element-wise to the input embeddings, similar
to the PEs used in models like BERT and GPT,
as shown in Figure 7.

FIGURE 7. A visualization of the zero (learned) positional encoding
scheme.

3) Timestamp Concatenation: The timestamp corre-
sponding to each of the 1000 input samples is used as

positional information. This approach was chosen to
explicitly provide the model with information about the
temporal distance between samples, and thus indirectly,
information about the signal’s sampling rate. The goal
was to aid the model in learning a more sampling rate
invariant representation. This scalar timestamp value
is concatenated as an additional feature dimension
after the main linear embedding layer. To maintain the
target embedding dimension dembedding = 256, the
linear embedding layer projects the input features to
dembedding − 1 = 255 dimensions. A visualization of
this scheme is provided in Figure 8.

FIGURE 8. A visualization of the timestamp concatenation positional
encoding scheme, an example sampling rate of 100Hz is used here.

4) Linspace Concatenation: Similar to timestamp con-
catenation, but uses a fixed, linearly spaced vector
(e.g., torch.linspace(0, 2, 1000)) as the
positional feature. This scalar value per position is
concatenated after the linear embedding layer (which
outputs dembedding − 1 dimensions). Visualization:
Figure 9.

FIGURE 9. A visualization of the linspace concatenation positional
encoding scheme.

G. RR INTERVAL FEATURE FUSION
We compared different strategies for incorporating the four
RR interval features into the CNN and Transformer models:

• CNN Method: A late fusion strategy was employed
via a dedicated MLP head for processing the RR
features, concatenating its 64-dimensional output
with ECG/CWT features before the final classifier
(Section III-E). This approach was chosen over early
fusion (adding RR features as input channels) as
standard CNN filters are less suited to jointly process
time-varying signals (ECG/CWT) and time-invariant
scalar features (RR intervals) directly in their input
channels.
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• Transformer - Early Fusion: The four RR features
are treated as additional input channels alongside the
ECG and/or CWT data. For each heartbeat, the 4 scalar
RR values are repeated across all 1000 time steps
and concatenated to the feature dimension of the input
sequence before it is passed to the initial embedding
layer.

• Transformer - Late Fusion: The RR features are
processed independently by a dedicated MLP head to
generate a 64-dimensional embedding. This embedding
is then concatenated with the 256-dimensional pooled
output vector from themain Transformer Encoder before
the final classifier MLP.

H. EXPERIMENTAL SETUP
All models were trained and evaluated using the patient-
independent splits defined in Section III-A.

• Sampling Rate Invariant Training Strategy: For
the sampling rate invariance analysis (Section III-D),
models were trained on a mixed-frequency dataset. For
each training patient, heartbeats from 5 distinct sampling
rates were randomly chosen from the training frequency
set, effectively quintupling the training samples per
patient. The evaluation dataset was constructed anal-
ogously using the corresponding evaluation frequency
set.

• Optimization and Regularization: Models were
trained using the Adam optimizer [44] with β1 = 0.9,
β2 = 0.98, and ϵ = 1 × 10−9. We employed the Noam
learning rate schedule [29] with 800 warmup steps and
a base learning rate factor adjusted to yield a peak
learning rate around 1 × 10−4, using the Transformer’s
embedding dimension (dembedding = 256) as the
model size parameter in the schedule calculation. L2
regularization (weight decay) with a factor of 1 × 10−2

was applied directly within the optimizer to combat
overfitting.

• Training Procedure: Due to the large effective dataset
size after resampling, which was too large to fit
into the available system memory, a chunked training
approach was adopted. The training process consisted of
20 chunks. In each chunk, 5000 samples were randomly
selected from the full training dataset (either the original
dataset or the dataset containing mixed sampling rates),
and the model was trained on this chunk for 10 epochs
using a batch size of 128. This resulted in 200 effective
epochs over approximately 100,000 unique samples.
To address the significant class imbalance (Table 2),
we employed a balanced batch sampling strategy,
ensuring that each minibatch contained an equal number
of samples from each of the three classes (N, SVEB,
VEB) [45]. The standard Cross-Entropy Loss function
was used. For the CNN models, which were found to
be more susceptible to overfitting than the Transformer
architecture, early stopping was implemented with a

patience of 5 chunks (50 effective epochs), monitoring
the validation loss on the evaluation set (which was also
processed in chunks).

• Hardware: All experiments were conducted on cloud
computing instances equipped with one NVIDIA
V100 GPU, 8 CPU cores, and 64 GB of RAM.2 Models
were implemented using PyTorch [46].

I. EVALUATION STRATEGY
Model performance was primarily evaluated using balanced
accuracy. Thismetric, calculated as the arithmeticmean of the
recall (sensitivity) for each class, provides a robust measure
of performance across imbalanced classes by giving equal
weight to each class regardless of its frequency.
To ensure the reliability and robustness of our findings,

each experiment (defined by a specific model architecture,
PEs scheme, and input modalities or feature fusion method)
was repeated five times using different random seeds for
weight initialization and data shuffling. The final results
for each experiment are reported as the mean ± standard
deviation across these five runs. The code and trained model
weights are made publicly available to ensure reproducibility
(See I).

IV. RESULTS AND DISCUSSION
This section presents and discusses the results from our
experiments. The primary objectives were twofold: firstly,
to evaluate the classification accuracy and generalization
capabilities of CNNs versus Transformer architectures,
considering various input modalities (raw ECG, CWT, and
the combined ECG+CWT) and different Positional Encoding
(PEs) schemes for the Transformer; and secondly, to assess
the influence of incorporating expert RR interval features on
these performance metrics using different fusion strategies.
Full detailed results for all performed experiments can be
found in the appendix. All experiments were conducted on
the INCART dataset, as detailed in Section III-A.

A. PERFORMANCE WITHOUT RR INTERVAL FEATURES
The results for the initial experiment, evaluating model
performance on the original dataset without the inclusion
of RR interval features, are presented in the heatmap in
Figure 10. This figure displays the balanced accuracy for each
model configuration across the different input modalities.
Overall, the CNN architecture was generally outperformed

by the Transformer model, particularly when the latter was
paired with effective Positional Encoding (PEs) schemes.
For instance, while the CNN’s highest balanced accuracy
reached 67.8%± 5.7 with the CWT input, most Transformer
configurations surpassed this value. The choice of PEs
scheme was indeed a significant determinant for the Trans-
former’s performance. Concatenation-based PEs (timestamp
and linspace) consistently demonstrated strong performance,
achieving balanced accuracies exceeding 90%when provided

2https://idlab.ugent.be/resources/gpulab

7706 VOLUME 14, 2026



T. De. Waele et al.: Generalized ECG Heartbeat Classification Using Time-Series Transformers

FIGURE 10. Balanced accuracy results for the evaluation set (containing
patients not used during training) on the original INCART dataset without
RR features. The first four columns show the Transformer model with
different positional encodings.

with CWT input data. The standard additive sinusoidal PEs
also proved competitive across various inputs. This general
superiority of the Transformer architecture, when appropri-
ately configured, can likely be attributed to fundamental
architectural differences. The Transformer’s self-attention
mechanism allows for a global receptive field, enabling
the capture of long-range dependencies across the entire
heartbeat segment. In contrast, the CNN’s convolutional
operations inherently possess a more localized receptive
field, potentially limiting their capacity to model global
contextual information crucial for discriminating complex
and highly personalized heartbeat patterns. Furthermore, the
explicit temporal information introduced by PEs schemes in
Transformers, providing a form of awareness of the distance
between samples, is absent in the standard CNN architecture,
which might hinder its ability to learn features that depend on
this inter-sample distance.

In stark contrast to effective PEs schemes, the Zero
(learned) PEs scheme markedly underperformed. Its perfor-
mance with raw ECG input was 67.2%±9.6, barely matching
the CNN’s performance. However, its efficacy dropped
substantially with other inputs, yielding only 49.3% ±

20.2 with CWT data and a significantly lower 33.0% ±

0.0 when using combined ECG and CWT data, making it the
only PEs configuration that consistently failed to outperform
the CNN. This consistent underperformance of the learned
PEs scheme, characterized by low mean accuracies and high
variance, may stem from several factors. Its fully learned
nature, for instance, could make it prone to overfitting on
the training dataset, thus impairing its ability to generalize
to the unseen patients in the validation set. Additionally,
there appear to be challenges with its optimization for this
task. The hypothesis that these optimization issues are due
to poor gradient flow, possibly from unfortunate weight
initializations, is supported by observations of stagnant
training loss curves in several runs.

Regarding input modalities across the more effective
PEs schemes, the combination of raw ECG and CWT
data typically yielded the highest overall classification
performance in this set of experiments without RR features.

The peak performance of 91.9% ± 1.7 was achieved by the
Transformer with the timestamp concatenation PEs using this
combined input. Generally, models utilizing CWT data as
the only input modality also outperformed those using only
the raw ECG signal. The utility of the CWT was evident,
as transforming the raw time-series data into a time-frequency
representation generally enhanced performance across most
model configurations, particularly for Transformers. This
improvement may arise because CWT can expose features in
the frequency domain that are more invariant to inter-patient
morphological differences than raw signal amplitudes alone.
The combination of raw ECG and CWT inputs often
yielded further, albeit sometimes marginal, improvements
for Transformer models, likely by providing complementary
information. For the CNN, however, combining raw ECG
with CWT offered no significant advantage over using CWT
alone, suggesting a potential saturation in the information it
could effectively leverage from these inputs without further
context.

A particularly noteworthy observation emerged specif-
ically with the raw ECG signal input. While the CNN
achieved 65.8% ± 1.5 and Transformer models with most
PEs showed similarly modest results on this input type,
the Transformer using the standard additive sinusoidal PEs
achieved a significantly higher balanced accuracy of 84.9%±

1.3. This highlights a specific synergy between this PEs
scheme and the raw ECG data, suggesting that the structured,
periodic nature of sinusoidal PEs might align well with the
inherent patterns in the 1D raw ECG signal, allowing it
to outperform some configurations that used more complex
inputs.

Next, we evaluated the models’ generalization capabilities
when trained and tested on datasets incorporating a sweep
of varying sampling rates, with the results presented in
Figure 11. This analysis reveals the models’ capabilities to
generalize towards sampling rates that were not part of its
training dataset.

FIGURE 11. Balanced accuracy results for the evaluation set (containing
patients not used during training) on the resampled dataset using a
sweep with 50Hz spacing without RR features. The first four columns
show the Transformer model with different positional encodings.

In experiments evaluating generalization to varying sam-
pling rates, Transformer models employing concatenation-
based PEs with CWT or combined ECG+CWT inputs
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significantly outperformed CNNs. Specifically, the times-
tamp concatenation PEs achieved balanced accuracies of
90.7%±3.0 (combined input) and 90.1%±2.4 (CWT alone),
while the linspace concatenation PEs registered comparable
scores of 89.2% ± 3.6 (combined) and 87.8% ± 3.9 (CWT).
In contrast, the CNN’s generalization performance was more
modest, peaking at 70.1% ± 1.3 with CWT input and
showing lower scores with ECG (62.8%±2.0) and combined
ECG+CWT (69.7% ± 1.6) inputs. Interestingly, for the
CNN, this performance on the sampling rate sweep dataset
with CWT or combined inputs actually surpassed its results
on the original fixed-rate dataset. This counter-intuitive
improvement suggests that training the CNN with data
resampled to multiple frequencies may serve as an effective
form of data augmentation when using these time-frequency
representations . Furthermore, thismulti-rate training strategy
also notably reduced the performance variance across runs
for the CNN, pointing to enhanced training stability when
exposed to diverse sampling rates. However, the choice
of PEs was critical for Transformer performance. Other
PEs schemes exhibited distinct generalization profiles: the
StandardAddition PEs uniquely excelledwith rawECG input
(83.9% ± 0.8) but its effectiveness diminished considerably
with CWT (64.4%±2.3) or combined ECG+CWT (64.8%±

6.4) inputs. The learned PEs, consistent with its performance
on the fixed-rate dataset, generalized poorly across all input
modalities (e.g., 57.5%±3.2 for ECG, 57.1%±3.6 for CWT,
and 58.9%±3.9 for ECG+CWT), indicating its unsuitability,
in its current form, for this architecture in ECG classification.

The superior performance of Transformers when paired
with concatenation-based PEs in handling sampling rate
variations can be primarily attributed to the explicit temporal
structure these encodings provide. By directly incorpo-
rating information about the spacing between samples
(via timestamp or normalized linspace values), these PEs
equip the Transformer’s global self-attention mechanism to
better adapt to the temporal scaling effects introduced by
varying sampling rates. This contrasts with CNNs, which
typically have localized receptive fields and lack such explicit
sequence timing cues, making them less inherently adaptable
to these distortions.

B. PERFORMANCE WITH RR INTERVAL FEATURES
Next, we evaluated the influence of adding RR interval
features on model performance, first on the original dataset
and subsequently on the resampled dataset. For these exper-
iments, we focused on the most promising configurations
identified in the previous experiments. Specifically, all mod-
els were evaluated using the combined raw ECG and CWT
input, which generally resulted in the highest performance.
Furthermore, the learned PEs scheme for the Transformer
architecture was excluded from these evaluations due to its
significantly lower performance and high variance.

The balanced accuracy results for the original dataset
with RR interval features are presented in the heatmap in
Figure 12. This figure compares the performance of the

CNN architecture (with its multi-headed late fusion strategy
for RR features) against the Transformer architecture using
both early and late fusion strategies. We also included the
results without RR features from the previous section for
comparison.

FIGURE 12. Balanced accuracy results for the evaluation set (containing
patients not used during training) on the original INCART dataset with the
inclusion of RR features. The first four columns show the Transformer
model with different positional encodings.

The most notable impact of including the RR interval
features was observed for the CNN architecture. Without
RR features, the CNN achieved a balanced accuracy of
67.0% ± 3.4%. With the integration of RR features, the
CNN’s performance increased noticeably to 90.6% ± 0.6%.
This substantial improvement resulted in the CNN matching
the performance of the Transformer model, highlighting
the significant added value of these features for the CNN
architecture. This highlights the significant value of these
temporally explicit, rate-invariant features for dramatically
improving CNN performance on the original dataset. Given
that standard CNN architectures lack the explicit temporal
information provided by PEs schemes in Transformers these
RR features likely fill a critical informational gap by supply-
ing essential temporal context directly, thereby significantly
enhancing the CNN’s discriminative capabilities.

In contrast, for the Transformer model, the addition of
RR interval features did not result in a clear improvement
and adding these features, in many cases, actually resulted
in a small decrease in performance on the original dataset.
When employing the early fusion strategy, all PEs schemes
showed a decline in accuracy: Standard Addition dropped
to 85.1% ± 3.9% (from 88.2% ± 1.4% without RR),
Timestamp Concatenation decreased to 88.9%± 1.6% (from
91.9%±1.7% without RR), and Linspace Concatenation fell
to 90.0% ± 2.4% (from 91.7% ± 1.5% without RR).
Late fusion of RR features was generally more effective

than early fusion for Transformers on this dataset. However,
even with this strategy, performance was still often lower than
that of the Transformer without RR features. Specifically,
Timestamp Concatenation with late fusion achieved 89.9%±

1.4%, and Linspace Concatenation PEs reached 90.5% ±

2.4%, both lower than their respective performances without
RR features. A small improvement was observed for the
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Standard Addition, which achieved 90.1%±3.1%. Critically,
the peak performance of 91.9% ± 1.7% from the previous
experiment without including extra features (achieved by
the Timestamp Concatenation PEs) was not matched by
any model configuration when RR features were added to
the original dataset. This suggests that with rich combined
inputs (ECG+CWT), the Transformer might already capture
sufficient contextual information, and the simple addition of
these specific RR features may not provide substantial new
information or could even introduce noise if not optimally
integrated when the sampling rate is fixed.

Next, we assessed how the inclusion of RR interval features
impacts the models’ generalization capabilities when trained
and tested on datasets incorporating a sweep of varying
sampling rates. The results for this analysis are presented in
Figure 13.

FIGURE 13. Balanced accuracy results for the evaluation set (containing
patients not used during training) on the resampled dataset using a
sweep with 50Hz spacing and the inclusion RR features. The first four
columns show the Transformer model with different positional encodings.

The integration of RR features significantly enhanced
generalization performance for most configurations when
tested on the sweep dataset, compared to their counterparts
without RR features. The CNN, which exhibited modest
generalization without RR features (69.7% ± 1.6%), saw
its performance climb dramatically to 92.6% ± 0.8% with
the inclusion of RR features. This score not only represents
a substantial improvement but also positions the CNN as
one of the best generalizing model configurations when RR
features are incorporated, highlighting their role in improving
generalization capabilities.

For the Transformer architecture, late fusion again proved
generally superior to early fusion for generalization. With
early fusion on the sweep dataset, the Standard Addition
achieved 66.5% ± 6.0%, Timestamp Concatenation reached
90.4% ± 2.7%, and Linspace Concatenation scored a lower
78.7% ± 9.2%. While the Timestamp Concatenation with
early fusion maintained a high level of performance, closely
matching its score without RR features (90.7% ± 3.0%),
the other early fusion configurations did not show as
strong an advantage or even underperformed compared to
their ‘‘without RR’’ counterparts when generalizing to new
sampling rates.

Late fusion yielded more consistent and often higher
generalization performance for the Transformer models on
the sweep dataset. The Standard Addition with late fusion
achieved a notable 89.1%±0.5%, a significant improvement
over its performance without RR features (64.8%±6.4%) and
its early fusion counterpart. The Timestamp Concatenation
with late fusion reached the highest balanced accuracy among
all configurations on the sweep dataset, 92.7% ± 0.8%,
improving upon its already excellent generalization without
RR features (90.7% ± 3.0%). Linspace Concatenation with
late fusion also performed well, scoring 90.2% ± 1.3%,
an improvement over its performance without RR features
(89.2% ± 3.6%) and substantially better than its early
fusion result. This indicates that the benefit of RR features
for Transformers is notably context-dependent. While these
features offered limited additional value, and potentially
introduced noise, when Transformers processed rich com-
bined inputs on the fixed-rate original dataset, their explicit
and inherently rate-invariant temporal context becomes a
crucial anchor when generalizing towards varying sampling
rates. In such scenarios of input instability, especially with
late fusion, RR intervals provide stable physiological cues
that significantly enhance the Transformer’s generalization
and robustness.

The method of integrating RR interval features proved to
be a significant factor where these features offered benefits
for generalization. For the Transformer architecture, where
both early and late fusion strategies were explicitly compared,
late fusion consistently demonstrated superior accuracy
over early fusion, particularly in enhancing generalization
performance. This suggests that allowing the Transformer to
first learn complex representations from the primary ECG and
CWT data before integrating the RR feature embeddings is
a more effective strategy than combining them at the input
level, especially for sampling rate robustness.

C. GENERALIZATION ACROSS DATASETS
To evaluate generalization, we conducted experiments on
the MIT-BIH Arrhythmia Database [7], a gold-standard
benchmark containing 48 half-hour, two-channel ambulatory
ECG records. Using the standard AAMI-recommended
inter-patient split (DS1 for training, DS2 for evaluating),
we focused on the N, SVEB, and VEB classes for consistency
with the INCART evaluation [47]. Due to computational
constraints, we evaluated only the top-performing INCART
configurations: ECG+CWT inputs for both the CNN and
the Transformer architectures, timestamp concatenation posi-
tional encoding and late fusing the RR interval features for
the Transformer model. The full results are shown in tables 8
to 11 in the Appendix.

This cross-dataset evaluation reveals significant perfor-
mance differences between the two architectures across all
experimental conditions, as summarized in Table 3.

The cross-dataset results consistently show the CNN’s
higher robustness over the Transformer on the smaller,
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TABLE 3. Balanced accuracies on the MIT-BIH dataset for the
top-performing configurations (ECG+CWT inputs, Timestamp
Concatenation Positional Encoding, Late Fusion for RR Interval Features).

noisier MIT-BIH dataset. In the first scenario (original
sampling rate without RR Features), the CNN achieved
82.81% ± 0.74%, substantially outperforming the Trans-
former’s 65.59% ± 4.71%. This performance difference
is a significant change from the INCART results, where
the Transformer architecture excelled, the high variance
(±4.71%) suggests the Transformer suffered from training
instability on this smaller dataset. This instability likely stems
from overfitting, as evidenced by the training and evaluation
loss curves; the training curves appeared smooth and similar
to those from the INCART dataset, but the validation curves
were significantly noisier and more variable, failing to follow
a clear, steady learning trajectory.

Integrating RR Features through late fusion significantly
improved the performance on both architectures. The CNN’s
performance increased to 92.70%± 0.58%, nearly matching
its INCART performance and demonstrating excellent cross-
dataset robustness. The Transformer also saw a substantial
gain, reaching 77.13% ± 7.63%, but still lagged behind the
CNN with a lower mean value and higher standard deviation.
This confirms again that RR features provide valuable, rate-
invariant temporal context that aids both architectures, but
they cannot fully compensate for the Transformer’s tendency
to overfit on the smaller, noisier, dataset.

When trained across multiple rates using the 50Hz sam-
pling rate sweep dataset, the CNN maintained near-identical
performance (82.36% ± 1.78%), confirming its robust sam-
pling rate invariance. The Transformer surprisingly improved
to 70.71% ± 6.35%, suggesting multi-rate training acts as a
form of regularization, though the gain was modest compared
to its INCART 50Hz sampling rate sweep performance.

When combining the 50Hz sampling rate sweep dataset
with RR interval features the CNN achieved 91.89%±0.62%,
maintaining its consistency on the MIT-BIH dataset. Con-
versely, the Transformer only reached a balanced accuracy of
70.15%±8.26%, showing no improvement when adding RR
interval features. Its high standard deviation (±8.26%) again
suggests training instability taking place.

Across all four scenarios, the CNN demonstrated excep-
tional robustness, consistently maintaining high performance
(above 82% without RR, above 91% with RR). The
Transformer, however, showed highly dataset-dependent
performance, struggling on MIT-BIH compared to INCART
across all conditions. Crucially, RR features consistently and

substantially improved CNN performance across datasets,
confirming their value as robust, dataset-agnostic temporal
features. For the Transformer, RR benefits were context-
dependent, failing to help or even slightly degrading
performance in the most complex multi-rate training on this
smaller, noisier dataset.

We hypothesize that the Transformer’s poor generalization
stems from its larger model size (±1.8M parameters)
interacting with MIT-BIH’s smaller size (±110K beats)
and higher noise levels. This combination likely causes the
Transformer to overfit to noise patterns, a problem that
the CNN’s architectural inductive biases inherently mitigate.
These findings imply that while Transformers excel with
sufficient high-quality data, CNNs with RR feature fusion
offer more reliable and consistent generalization across
diverse clinical settings with limited or variable-quality
training data, making them more suitable for real-world
clinical deployment.

V. INSIGHTS
This study aimed to answer several key research questions
regarding Time-Series Transformers for ECG heartbeat clas-
sification. The main insights derived from the experimental
results are summarized below:

1) How do Time-Series Transformers compare to
benchmark CNNs in terms of classification perfor-
mance and, critically, generalization to both unseen
patients and new sampling rates? When expert RR
interval features were not used, Time-Series Trans-
formers, particularly those with concatenation-based
Positional Encoding (PE) schemes (Timestamp or
Linspace) and CWT or combined ECG+CWT inputs,
generally outperformed benchmark CNNs in both
classification performance on the original dataset and,
critically, in generalization to unseen patients and new
sampling rates. For instance, Transformers achieved
balanced accuracies over 90% (e.g., 91.9% ± 1.7 on
original, 90.7% ± 3.0 on sweep) while the CNN
remained below 70% in these scenarios. With the
inclusion of RR features (via late fusion or equivalent
for CNNs), both architectures achieved comparable
top-tier performance (around 90.6% for CNN and
90.1% − 90.5% for best Transformers on original;
92.6% for CNN and 92.7% for Transformer on sweep),
significantly boosting the CNN’s capabilities.

2) What is the impact of different input repre-
sentations on the generalization capabilities of
these architectures? For generalization capabilities,
CWT scalograms and the combination of raw ECG
+ CWT were generally more effective than raw
ECG alone, especially for Transformer models using
concatenation-based PEs. Raw ECG input showed
strong generalization (83.9% ± 0.8) only with the
Transformer using standard additive sinusoidal PE. For
CNNs, CWT input also provided better generalization
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TABLE 4. Detailed results for the experiments using the INCART dataset, without RR interval features, and on the original sampling rate.

TABLE 5. Detailed results for the experiments using the INCART dataset, without RR interval features, and on the resampled dataset using a sweep with
50Hz spacing.

(70.1% ± 1.3) than raw ECG (62.8% ± 2.0) when
RR features were absent. The inclusion of RR features
further enhanced generalization for all input types, but
the combined ECG+CWT with RR features generally
yielded the most robust models for both architectures.

3) For Transformer models, which Positional Encod-
ing schemes are most effective for ECG heartbeat
classification, especially concerning their effect on
sampling rate invariance? Concatenation-based PEs
schemes (Timestamp Concatenation and Linspace
Concatenation) were the most effective for Trans-
former models in ECG heartbeat classification, consis-
tently yielding high accuracy and strong generalization
to varying sampling rates, especially with CWT or
combined inputs (e.g., Timestamp PE: 91.9%± 1.7 on
original, 90.7%±3.0 on sweep, without RR). Standard
additive sinusoidal PEs performed exceptionally well
with raw ECG input (84.9%±1.3 on original, 83.9%±

0.8 on sweep) but less so with CWT-based inputs
concerning sampling rate invariance. The learned
PEs scheme significantly underperformed across all
conditions.

4) How does the integration of expert-derived RR
interval features affect performance and generaliza-
tion, comparing different feature fusion strategies?
The integration of expert-derived RR interval fea-
tures had a profound positive impact, especially on
the CNNs, increasing its performance and general-
ization significantly (e.g., from 69.7% to 92.6%).
For Transformers, RR features were most beneficial
for enhancing generalization to new sampling rates,
particularly when using late fusion (e.g., Timestamp PE
generalization improved from 90.7% to 92.7%). Early
fusion of RR features in Transformers was generally
less effective and sometimes detrimental, while late

fusion proved superior. The results highlight that
these rate-invariant features are crucial for achieving
peak robustness to sampling rate variations in both
architectures.

5) How do these architectures generalize across dif-
ferent ECG databases? Cross-dataset evaluation on
the MIT-BIH database reveals that CNNs demonstrate
superior robustness, maintaining consistent perfor-
mance across both INCART and MIT-BIH datasets.
In contrast, Transformers show dataset-dependent
performance, excelling on INCART but severely
degrading on the smaller, noisier MIT-BIH dataset.
This suggests that while Transformers can achieve
state-of-the-art results with sufficient high-quality data,
CNNs with RR feature fusion offer more reliable
generalization for clinical deployment scenarios with
diverse recording conditions or limited training data.

VI. CONCLUSION
This study systematically compared Time-Series Transform-
ers and CNN for ECG heartbeat classification, empha-
sizing generalization to new patients and varying sam-
pling rates. Key findings demonstrate a crucial trade-off:
while appropriately configured Transformers (e.g., with
concatenation-based PE and CWT inputs) achieved state-
of-the-art performance on the large INCART dataset, the
simpler CNN architecture proved significantly more robust
and consistent when evaluated on the smaller, noisier MIT-
BIH dataset. Critically, the integration of rate-invariant
RR interval features through late fusion was essential,
not only boosting the Transformer’s rate invariance but,
more importantly, increasing the CNN’s performance to
consistently high levels (over 91% balanced accuracy)
across both diverse datasets. This reliability confirms that
models with strong inductive biases (like CNNs) are highly
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TABLE 6. Detailed results for the experiments using the INCART dataset, with RR interval features, and on the original sampling rate.

TABLE 7. Detailed results for the experiments using the INCART dataset, with RR interval features, and on the resampled dataset using a sweep with
50Hz spacing.

TABLE 8. Detailed results for the experiments using the MIT-BIH dataset, without RR interval features, and on the original sampling rate.

TABLE 9. Detailed results for the experiments using the MIT-BIH dataset, with RR interval features, and on the original sampling rate.

TABLE 10. Detailed results for the experiments using the MIT-BIH dataset, without RR interval features, and on the resampled dataset using a sweep
with 50Hz spacing.

TABLE 11. Detailed results for the experiments using the MIT-BIH dataset, with RR interval features, and on the resampled dataset using a sweep with
50Hz spacing.

advantageous for clinical deployment where training data is
often limited and noisy. This research highlights that robust
ECG classifiers depend on careful design of architectures,
positional encoding, input modalities, and expert feature
integration, and underscores that architectural robustness is
critically important for real-world generalization.

Future work should prioritize investigating more advanced
PEs schemes, including strategies to improve learned PEs
through refined optimization or initialization techniques.
Enhancements to input processing are also crucial, such
as exploring alternative embedding and patching strategies.
For instance, replacing the current linear embedding with a
CNNs-based encoder for patches could better capture local
ECG morphology and potentially improve computational
efficiency for both training and inference. The robustness and
generalizability of these models should be further validated
by evaluating performance across multiple diverse datasets,
especially focusing on conditions where data is limited
and noisy, and exploring training methodologies that lever-
age combined datasets to mitigate architectural overfitting
issues. Finally, a significant avenue involves introducing
self-supervised pretraining for Transformers to facilitate
the development of larger, more complex architectures.
Such advancements could also inform future efforts towards

large-scale model development, such as ECG Foundation
Models [9], [10], [48], [49], which will depend on effectively
handling the inherent heterogeneity found in real-world
clinical data.

APPENDIX
DETAILED RESULTS
See Tables 4–11.
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