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Abstract

Modeling long-sequence medical time series data, such as electrocardiograms (ECG), poses
significant challenges due to high sampling rates, multichannel signal complexity, inherent
noise, and limited labeled data. While recent self-supervised learning (SSL) methods, based
on various encoder architectures such as convolutional neural networks, have been proposed
to learn representations from unlabeled data, they often fall short in capturing long-range
dependencies and noise-invariant features. Structured state space models (S4) have recently
shown promise for efficient long-sequence modeling; however, existing S4-based architec-
tures are not designed to capture the unique characteristics of multichannel physiological
waveforms. In this work, we propose SL-S4Wave, a self-supervised learning framework that
combines contrastive learning with a tailored encoder built on structured state space mod-
els. The encoder incorporates multi-layer global convolution using multiscale subkernels,
enabling the capture of both fine-grained local patterns and long-range temporal depen-
dencies in noisy, high-resolution multichannel waveforms. Extensive experiments on three
real-world datasets demonstrate that SL-S4Wave (1) consistently outperforms state-of-the-
art supervised and self-supervised baselines in a challenging arrhythmia detection task, (2)
achieves high performance with significantly fewer labeled examples, showcasing strong label
efficiency, and (3) maintains robust performance on long waveform segments, highlighting
its capacity to model complex temporal dynamics in long sequences that most existing ap-
proaches fail to efficiently model, and (4) transfers effectively to unseen arrhythmia types,
underscoring its robust cross-domain generalization.

1 Introduction

Monitoring patients in clinical settings involves continuous acquisition of physiological signals through sensors
such as electrocardiograms (ECG), arterial blood pressure (ABP), and photoplethysmograms (PPG). These
high-resolution waveforms provide clinicians with crucial insights into patient state and disease progression.
However, analyzing such signals automatically remains challenging. Supervised learning methods require
large volumes of annotated data, yet high-quality medical labels are both scarce and costly to obtain. At
the same time, physiological waveforms are noisy, multichannel, and exhibit complex temporal dynamics,
making them difficult to model effectively.

Self-supervised learning (SSL) has recently emerged as a promising direction for representation learning from
unlabeled medical waveforms (Zhou et al., [2022; Kiyasseh et al., [2021; [Lalam et al.l 2023|). By pretraining
on large datasets and fine-tuning on limited labeled samples, SSL. methods reduce reliance on annotation
and have shown encouraging results. However, most existing approaches are designed for short waveform
segments and encoder architectures such as convolutional networks, which excel at capturing local patterns
but struggle with long-range temporal dependencies (Birnbaum et al., 2019; |Li et al.,|2022). This limitation
is especially critical in patient monitoring, where clinically important events such as arrhythmias need to be
detected from long-term monitoring data. Some Transformer-based methods can extract information from
long-term data, but due to the quadratic complexity of the attention mechanism increasing with length, they
require substantial resources to compute long-range dependencies (Alghieth, [2025). Moreover, existing SSL
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methods typically do not explicitly address robustness to noise, which is pervasive in bedside monitoring
data.

Meanwhile, advances in structured sequence models, such as Structured State Space Models (S4) (Gu et al.,
2021)), have demonstrated strong capabilities for modeling very long sequences in language and speech. S4
leverages state-space dynamics and convolutional reformulations to efficiently capture dependencies across
thousands of time steps. Extensions such as Structured Global Convolution (SGConv) (Li et al., |2022)) have
further improved scalability through multi-scale temporal modeling. However, these models have not yet
been tailored to the unique challenges of physiological signals, which require both fine-grained local feature
extraction and robust modeling of multichannel, noisy, long-duration waveforms.

To address these gaps, we propose SL-S4Wave, a self-supervised learning framework designed specifically for
long-sequence, multi-channel physiological waveform modeling. Our approach contains two key components.
First, we propose S4Wave, a structured state space deep-learning model that extends global convolution
architectures with multiscale kernels, residual connections, and cross-channel modeling, enabling effective
representation of both short-term and long-range temporal dynamics in high-resolution multi-channel physi-
ological waveforms. Second, we present a self-supervised pretraining framework based on the S4Wave-
encoder with contrastive objectives, combining invariance to noise perturbations with temporal coherence,
enabling the model to learn robust and generalizable representations from unlabeled physiological waveforms.

We evaluate SL-S4Wave on three real-world ECG datasets for arrhythmia detection, with emphasis on the
challenging task of ventricular tachycardia (VT) alarm classification, one of the most challenging arrhythmia
to reliably detect in critical care (Drew et al., |2014; [Zhou et al.l 2022; |Clifford et al., |2015)). Pretrained
using unlabeled waveform data and fine-tuned on labeled data with expert-verified annotations, SL-S4Wave
consistently outperforms state-of-the-art supervised and self-supervised baselines. The model exhibits strong
cross-domain generalization across arrhythmia types, high label efficiency under limited supervision, and ro-
bust performance on extended waveform segments, demonstrating its capacity to model long-range temporal
dependencies in physiological time series.

Our main contributions are as follows:

e The S4Wave encoder for multivariate physiological waveforms. We introduce S4Wave,
a deep learning encoder architecture that adapts structured state-space models for multi-channel
physiological waveforms. By integrating residual connections and gating mechanisms, the encoder
effectively captures both fine-grained local dynamics and complex long-range temporal dependencies
in multichannel waveform data. Compared with the original S4 and SGConv encoders, S4Wave
achieves up to an 11% relative AUC gain and over a 20% increase in Challenge Scoreﬂ across two
large real-world datasets, underscoring its strength in physiological waveform modeling.

e The SL-S4Wave self-supervised learning framework. Building on the S4Wave encoder, we de-
velop SL-S4Wave, a self-supervised framework with contrastive learning objectives tailored to phys-
iological signals, learning noise-robust representations while capturing long-range temporal context.
SL-S4Wave achieves the best Challenge Scores and AUCs across all three benchmarks in comparison
to all other supervised and self-supervised baselines. The performance gain is particularly promi-
nent when fine-tuning labels are limited. Notably, SL-S4Wave achieves 49% higher Challenge Score
and 21% higher AUC than the next-best self-supervised method on the small Challenge 2015-VT
dataset.

e Long-sequence representation learning. We show that SL-S4Wave consistently outperforms
all baseline models as the input sequence length increases, whereas convolution neural network
(CNN)-based approaches degrade beyond 10-second segments, underscoring SL-S4Wave’s ability to
capture long-range temporal dependencies. Even with the standard 10-second input, SL-S4Wave
surpasses every supervised and self-supervised baseline. Extending the input window from 10 to 30
seconds boosts SL-S4Wave’s performance further, widening its lead over competing methods and

1The Challenge score, defined in PhysioNet Challenge 2015 (Clifford et al.l [2015)), is a weighted accuracy metric that heavily
penalizes false negatives.
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demonstrating effective use of additional temporal context. On the VTaC dataset with 30-second
segments, SL-S4Wave achieves more than 7 % higher Challenge Score and 3 % higher AUC than the
strongest self-supervised baseline operating at its own optimal segment length.

e Cross-Domain Transferability. We show that the representations learned by SL-S4Wave transfer
effectively to arrhythmia types unseen during pretraining. Pretrained only on unlabeled ventricular
tachycardia (VT) alarms, SL-S4Wave consistently outperforms other supervised and self-supervised
baselines on both the MIMIC II and PhysioNet Challenge 2015 arrhythmia datasets across four
other arrhythmia alarm classification tasks. Our results demonstrate that SL-S4Wave learns robust,
generalizable signal representations that maintain strong accuracy even when downstream label sets
are small or differ markedly from the pretraining task.

We will make the SL-S4Wave implementation publicly available on GitHub and release the pretrained model
weights on PhysioNet following publication. The remainder of this paper first compares SL-S4Wave with
prior works, then details the proposed framework. We present extensive experiments across multiple real-
world datasets, analyzing label efficiency, encoder design, pretraining effects, sequence length, and cross-task
transferability.

2 Related Work

Structured State Space for Sequence Modeling Recent works have focused on enhancing classic
State-Space Models (SSM) to more efficiently model sequential data using deep learning. For example,
Rangapuram et al. (2018)) used recurrent neural networks to learn parameters in SSM. However, the most
significant progress came from |Gu et al.| (2021)) with the introduction of the structured state space model
(S4), which reduces the computational complexity of SSM in modeling long sequences using a special state
transition matrix (Gu et al., 2020). These low-rank and normal matrices enable SSM to compute global
convolution kernels efficiently through fast Fourier transform across the entire sequence. Subsequently, some
works have further improved the shortcomings of S4 in areas such as model architecture (Smith et al.
2022) and convolution (Raghu et al., |2023), and have started applying it to tasks such as natural language
processing (Dao et al., [2023]) and time series analysis (Zhou et al., |2023]).

Self-Supervised Learning (SSL) in Time Series. Self-supervised learning (SSL) enables models to
extract informative representations from unlabeled data by generating surrogate supervision signals. SSL
has achieved remarkable success across modalities such as images, videos, and physiological signals, and its
adoption in biomedical time series is rapidly growing. In clinical contexts, SSL has been applied to ECG
and EEG signals (Zhou et al.; |2022; [Kiyasseh et al.; 2021; [Raghu et al., 2023; |Wang et al.| |2023)), structured
physiological data (McMaster et al., [2023)), and medical imaging (Rivail et al.; 2019; |[Eldele et al. 2021)).
Recent advances in SSL for time series have introduced more general architectures that improve temporal
representation learning beyond conventional CNNs and RNNs. For example, [Fraikin et al.| (2024) proposed T-
Rep, a transformer-based framework that learns time-aware representations via temporal embeddings, while
Xu et al.|(2024]) introduced a retrieval-augmented reconstruction strategy to enhance contrastive time-series
learning.

Most prior SSL methods for physiological time series continue to rely on convolutional or recurrent ar-
chitectures, which struggle to model long-range dependencies due to limited receptive fields and gradient
instability—thereby constraining pretraining to short input windows (typically 2-4 seconds) (Raghu et al.,
2023; [Lan et al., 2022; Kiyasseh et al., 2021). This limitation hampers the capture of global temporal pat-
terns that extend across multiple physiological cycles. In contrast, the proposed SL-S4Wave framework
performs contrastive learning over substantially longer waveform segments, enabling the model to capture
richer temporal dependencies and improve representation quality.

Representation Learning in Physiological Waveforms. Learning effective representations from phys-
iological waveforms is challenging, particularly when labeled data are scarce. [Lehman et al. (2018]) demon-
strated that incorporating domain priors—such as beat-level cardiac structure—can substantially reduce



Under review as submission to TMLR

input length (from 10 to 3 seconds) to achieve competitive performance, highlighting the value of physiologi-
cal knowledge in label-efficient learning. In contrast, SL-S4Wave obviates the need for cardiac beat detection,
and directly learns effective representations from long segments of multi-channel waveforms. Empirical stud-
ies further show that CNN-based models often outperform RNNs and Transformers for arrhythmia detection
and related tasks (Zhou et all |2022; [Lehman et al., [2024), with 1-D CNNs excelling on smaller datasets
and deeper fully convolutional networks (FCNs) achieving superior performance on larger ones. Our results
are consistent with these prior findings, but demonstrated that the proposed SL-S4Wave is consistently
more effective in the arrhythmia detection task than these previous convolution neural network baselines,
particularly when the labeled dataset is sparse. More recently, ECGFounder (Li et al.l |2025)) introduced a
large-scale foundation model trained on over 10 million labeled ECGs spanning 150 diagnostic categories,
reaching expert-level accuracy and strong transferability. In contrast, SL-S4Wave focuses on learning ro-
bust and generalizable representations from noisy, unlabeled multichannel waveforms, capturing long-range
temporal dependencies without reliance on large annotated corpora.

3 Methodology

In this section, we present SL-S4Wave, a self-supervised learning framework for long-sequence, multivariate
physiological waveform modeling, depicted in Figure [I] SL-S4Wave integrates two core components. First,
we develop S4Wave, a structured state space model (SSM)-based encoder that enriches global convolution
operations with multiscale kernels, residual connections, and cross-channel interactions, enabling effective
representation of both short-term morphology and long-range dependencies in high-resolution physiological
signals. Second, we introduce a self-supervised contrastive pretraining strategy built upon the S4Wave
encoder, which learns robust representations invariance to noise and enables temporal consistency, allowing
the model to leverage large volumes of unlabeled physiological data to learn robust and transferable latent
representations.

3.1 Preliminary

We define the input multivariate physiological signals as X € RE*L, where C is the number of channels

(such as ECG and ABP), L is the sequence length of each trajectory. Our task is considered as a two-stage
process, consisting of a pre-training stage and a fine-tuning stage. In the pre-training stage, we need to
train an encoder f.,. using an unlabeled dataset D,; = {x{’f}gitl of size Np; which is composed of unlabeled
samples zP! to obtain high-dimensional representations hP! = fe,.(zE!) for different samples. In the fine-
tuning stage, we use the encoder f., trained in the pre-training stage as a feature extraction module to train
the fine-tuning dataset containing labels Dy, = {zft, y]* nNitl with size Ny, where x{! denotes fine-tuning
samples and y;/? denotes the corresponding labels. Then, we use a classifier C'y to process the representations
h{t obtained from the encoder fe.,. and obtain the final results yat = Cy(hi). In this work, our main focus is
on the performance of the encoder, while the classifier is constructed using a Multi-Layer Perceptron (MLP).

3.2 Obtaining Efficient Representations with S4Wave

S4Wave signal encoder During pretraining, the model architecture used in our framework differs from
traditional state-space models (SSMs), which are typically designed to model underlying physical dynamical
processes. (For background information on the SSM model and theory, please refer to the Appendix ) In
contrast, our formulation leverages the SSM structure as a powerful sequence encoder that maps physiological
waveforms into a latent feature space. To this end, we introduce SL-S4Wave, which employs an S4Wave
block to learn robust representations from multichannel physiological signals. Specifically, for the augmented
physiological signals X € RE*Z we utilize a Conv1D layer to embed the input to hidden space h;, € R7*L
H is the number of hidden dimensions:

hin = ConvlD(X). (1)

Then, we define an SL-S4Wave block that is built on a ResNet structure with a skip connection. In each
block, the input is first added to the residual output g™, m € {1,2...M} from the previous layer, where M
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Figure 1: Overview of proposed Self-Supervised Learning Structured State Space Model (SL-S4Wave). Left:
The pre-training process includes using different segments over longer periods and filtered waveforms as
positive pairs for contrastive learning. Right: The S4Wave model learns latent representations of different
waveform data through stacked blocks. The connections between blocks use a skip connection mechanism.

denotes the number of model layer, and then normalized before being passed into the SSM module:
hsy = SN(ConvlD(hin + pl, 1)), (2)

where SN (-) is the spatial normalization layer for normalizing the channel-level data Deng et al.| (2021]).
hsn is the hidden representation after the SN(-) layer. In S4Wave, we use SGConv as the implementation
of our SSM layer. SGConv is a structured SSM model using convolution architecture, and its convolution
structure can be represented as an FFT formula:

Yrse = Fy Dy Enpigpe, Dy, = diag(KFy), (3)

where s and gy are the input signal and output signal of the FFT, and F)y denotes the DF'T matrix of
size N. This FFT convolution has a computational complexity of O(nlog(n)). We use two layers of SSM to
process the input, and between these two layers, we use the GELU function as an activation function, which
can enhance the non-linear characteristics of the network. The SGConv convolution kernel K in Eq can
thus be initialized as:

— 1 — —
K= ZCOnCGt(/ﬂ[),kl, ""kUng(%)j+1)7h55m = KQGELU(thSN), (4)

where k; = a*Upsamplegmazii—1.04(w;), Z denotes a normalization constant and a denotes a decay coefficient.
And we use Upsample(z)gmasii-1.0/4 to denote upsampling zj, to length L, 2m*li=1.01d means for window
size d, we have total kernel size concat(d,2d,4d,...,2""'d). w; € R? is learnable parameters for the i
convolution kernel. K; and K, are two different sets of convolutional kernels based on Equation 5. Due
to the introduction of decay coefficients, upsampling, and normalization parameters, SGConv is easier to
compute and more efficient compared to S4. In the Appendix [C| we explore in detail how the decay helps
SGConv get better representations on long time series. Through the SSM, we obtained a RF*L — RH*L
mapping. Then we used a gating unit to obtain a part of the output of the entire S4Wave block and the
input to the next block. We divide hgs,, into two parts k!, and k2 along the H dimension.

hgate = tanh(Wy x hl,,) ® o(W, x h2,,)), hssm = concat(hl,,. h2,,.) (5)
" = ConvlD(hggte), 1° = ConvlD(hgate), (6)

where tanh(-) and o(-) are tanh function and sigmoid function, ® denotes an element-wise multiplication
operator, Wy and W, are learnable convolution filters. u" becomes the residual part input to the next layer,
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while p© will be aggregated to the output of SSM blocks through a skip connection. Finally, we will use a
convolutional layer to map the features Concat[ug, u3, ...u$,] to representations r, € RAXL wwhich will be
the input to the Classifier head of the downstream task.

ro = ConvlD(Concat[us, 13, ...1154]) (7)

3.3 Contrastive Learning on Anomalous Sequences

Noise-resilient loss. Physiological waveforms from bed-side monitors are often corrupted by sensor arti-
facts, motion interference, and environmental noise, which can degrade representation quality and robustness
of the model. We introduce a noise-resilience contrastive loss to minimize the impact of noise on the model.
For each sampled input segment, we apply signal-processing filters to generate a noise-reduced version as an
augmented waveform segment. The original waveform and its filtered counterpart are treated as a positive
pair, i.e. two views of the same latent signal. During the pre-training process, we aim to reduce the dis-
tance (h; B) between the representation of the original data h and the representation after noise reduction
through filters h, to ensure the model’s noise resistance. We describe the specific noise reduction strategies
in Appendix D. To meet the form of contrastive learning loss, we choose different samples within the same
batch as negative samples h;, which are not filtered so that the model can focus on optimizing the impact
of noise. In particular, our positive pair is (h;; h;), and the negative pair is (h;; hj). The noise-resilient loss
L, for sample i is defined as:

N . 5

1 exp(sim(h;, h;

Ln= N E log < 2N (i ; ) > (8)
= > =1 Wiz exp(sim(hi, hj))

where N is the batch size, sim(-) is the similarity between sample pairs, and here we use cosine similarity.
Wiz is an indicator function, which means that similarity is calculated when i # j, and it is 0 if 7 = j.

Context consistency loss. In our framework, the contrastive loss is designed to encourage temporal
consistency within the same physiological record. Positive pairs are constructed from temporally adjacent
segments of a given waveform, while negative pairs are drawn from segments belonging to different waveform
records. This setup minimizes the distance between latent representations of nearby segments from the same
record, enabling the model to capture coherent morphological patterns over time. Concretely, if we denote
two non-overlapping segments of length L seconds sampled from successive intervals within the same record
as h; and h’,, these form a positive pair (h%;, hi,). In contrast, negative pairs are constructed by matching
a segment from one record with segments of the same length drawn from different records within the training
batch, e.g., (hi;, h);) where i # j. This contrastive objective promotes robustness by encouraging invariance
to local temporal variations while ensuring separation between unrelated waveform dynamics. The context
consistency loss L. is defined as:

R exp(sim(hi,, hiz)
b=y e (z” b h;))) ?)

i=1 j=1“4[i#j] exp(sim(hyy,

Overall pre-training loss. The overall pre-training loss is composed of the two losses mentioned above:
Noise-resilient loss is used to reduce the impact of common noise on the model, and context consistency
loss is used to learn temporal dependencies and abnormal patterns in existing data. The losses used during
pre-training are:

Lpr =Ly + AL, (10)

where A is a hyperparameter to balance two losses.

Fine-tune loss In the fine-tuning stage, we already have a trained encoder and some labeled data, and the
choice of the loss function depends on the specific task. Since our downstream task is alarm discrimination,
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we use the Binary Cross Entropy (BCE) loss to supervise the fine-tuning stage.

1

N
v 2l

LpcE = — 2 Vi log(pi) + (1 — v;) log(1 — p;)] (11)

where v; is the true label (0 or 1) of sample 7, p; is the predicted probability of the positive class for sample
1. During the finetuning process, we do not freeze the parameters of the pre-trained encoder. Instead, we
continue supervised learning with a smaller learning rate, simultaneously training the parameters of the
encoder and the classifier.

4 Experiments

4.1 Datasets and Tasks

Finetune tasks False arrhythmia alarms in intensive care units are a continuing problem. Since arrhyth-
mia alarms can be triggered by factors other than actual medical conditions, such as mechanical malfunctions,
patient movement, and misdiagnoses, these false alarms create significant pressure for healthcare providers.
Specifically, for a given physiological signal X € RE*L, corresponding labeled data y indicate whether the
segment of the signal represents a true alarm or a false alarm. We need to train a classifier Cy to determine
if the alarm is triggered by a true arrhythmia event, given the observed physiological waveforms of each
patient prior to the alarm onset.

Datasets We evaluate our technique using three publicly-available datasets on PhysioNet:

MIMIC IT Arrhythmia dataset. The arrhythmia database from Multi-Parameter Intelligent Monitoring
for Intensive Care (MIMIC II) (Saeed et al., 2011)) includes more than 8,000 waveform records containing
multiparameter physiologic waveforms with human annotations (Aboukhalil et al.l 2008]). Waveforms were
stored at 125 Hz with 8 bit resolution.

Ventricular Tachycardia annotated alarms from ICUs (VTaC) dataset. The VTaC (Lehman et al.,
2024)) data set consists of 18,472 VT alarm events from 2,383 patient waveform records collected from multiple
ICUs in three major US hospitals. Each waveform recording contains six-minute segments of ECG leads and
one or more pulsatile waveforms (photoplethysmogram and/or arterial blood pressure waveforms) sampled
at 250 Hz. The final labeled data for fine-tuning consists of 5,037 VT alarms, each annotated by at least
two human experts as either true or false alarms.

PhysioNet Challenge 2015. The PhysioNet/Computing in Cardiology Challenge 2015 provides a publicly-
available dataset with 750 records for algorithm development. Each record contained an alarm for one
arrhythmia event and the triggered alarm was reviewed and labeled by a team of expert annotators to either
true or false. The dataset includes five different types of cardiac arrhythmia alarms. Detailed data processing
methods and the utilized channels are presented in the Appendix [E]

4.2 Experimental Setup

Baselines We compare the performance of the following baseline and models: 1) Rule-Based Method:
For the rule-based approach, we used the implementation from (Plesinger et all 2015), a winning entry in
the PhysioNet 2015 challenge for false arrhythmia alarm reduction. 2) FCN: we use a Fully convolutional
neural network as a feature extractor. 3) SimCLR: A classic comparative learning model (Chen et al.l
2020). Since Kiyasseh et al. achieved their version of the heart signal in [Kiyasseh et al.| (2021)), we used
their version as a baseline. 4) CLOCS (CMSC) : The self-supervised learning method based on heart
signals proposed by Kiyasseh et al. [Kiyasseh et al.| (2021)) encourages channel and spatial representations
to be similar. We use the implementation of spatial representation similarity (CMSC). 5) TS-TCC:A
contrastive model [Eldele et al| (2021)) combines cross-view prediction and contrastive learning tasks by
creating two views of the raw time series data using weak and strong augmentations. 6) TF-C: A novel
time-frequency consistency architecture (Zhang et al., [2022)) and optimizes time-based and frequency-based
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Datasets Method TPR TNR Score F1 PPV AUC
| Rule-based 76.47 85.18 67.81 68.42 61.9 -
FCN 97.65 + 2.88 2852 + 4.16  44.17 £ 4.27  46.03 £2.09  30.12 + 1.56  68.69 + 4.47
Supervised Transformer 66.67 = 0.00 81.82 £ 14.08 61.11 + 8.61 59.43 £10.39  55.71 £ 15.03  76.97 £ 12.80
Challenge’15 SimCLR 90.59 &+ 4.71 2556 + 5.90  37.68 £2.08 4244 +0.76  27.74 £ 0.76  56.60 + 4.73
CMSC 89.41 + 235 28.89 +2.77 39.42 +248 43.08+1.33 2838 +£0.99  59.13 + 3.03
N=343 Seltsupervised | TS-TCC 80.00 = 6.00 60.74 + 4.60 54.97 £3.64 5254 +£3.03 3921 £2.72 7519 + 1.15
clmsupervised | pp ¢ 67.06 + 7.06 49.63 + 16.62 40.60 + 6.34  41.68 + 3.84  31.03 £ 581  63.14 + 3.97
TS2Vec 88.24 + 6.44 3630 +£5.93  43.82+ 248 4517+ 1.64 3041 +£1.22  69.52 + 4.04
SL-S4Wave(Ours) | 89.41 & 2.35 90.37 = 4.20  81.84 = 1.69 81.56 + 4.09 75.52 + 8.04 91.98 £ 0.33
| Rule-based | 8577 48.74 52.37 72.59 62.92 -
FCN 92.41 + 1.72 5254 £ 4.00  63.01 +£2.98  77.25 + 1.59  66.45 + 2.08  85.87 + 1.00
Supervised | Transformer 97.09 + 1.74 11.83 £ 4.95 51.68 +1.24  68.30 £ 0.62  52.70 + 1.04  62.54 + 2.29
MIMIC II-VT SimCLR 97.38 + 1.55 17.56 + 6.48  54.79 + 3.42  69.82 + 2.70  54.33 + 3.13  71.42 + 4.41
CMSC 96.67 = 2.71 1348 +£8.63  51.82 £ 2.78  (8.49 + 1.83  52.93 + 1.59  74.41 + 2.14
N=2802 Selfsupervised | TS-TCC 95.11 4+ 1.45 34.34 +4.35  59.09 +1.92  73.14 +1.00  59.32 + 1.43  69.76 + 1.67
Esupeised | pp ¢ 88.30 + 5.36  49.10 + 11.28  55.70 £ 5.07  73.99 + 4.03  63.52 £ 6.41  79.94 + 5.22
TS2Vec 94.11 + 381 11.33 £ 588 4747 £2.60  66.77 £0.70  51.68 £ 0.81  67.31 + 2.02
SL-S4Wave(Ours) | 94.37 £ 0.77  60.21 & 2.02 69.57 + 1.18 80.83 + 0.59 70.86 + 0.90 88.56 + 0.36
| Rule-based | 94.16 62.90 67.32 65.48 50.19 -
Supervised | FON 91.83 + 1.31 86.96 + 2.60 80.83 + 1.65 8179 +2.15  73.82+£3.70  94.93 + 0.38
upervise Transformer 83.36 = 2.39  67.36 £ 4.51  60.45 + 0.88  62.84 + 1.54  50.55 + 2.93  84.39 + 0.86
VTaC SimCLR 95.91 + 0.40 79.01 +2.18  80.10 + 1.53  77.14 + 1.68  64.23 £ 2.31  93.73 £ 0.07
CMSC 89.49 + 271 80.23 +8.63  74.03 £2.78  74.81 +1.83  63.96 + 1.59  91.85 + 2.14
N=5037 Selfsuporvised | TS-TCC 86.72 + 6.68 56.00 + 6.33  56.34 £ 2.72  58.30 + 1.59  43.90 + 2.14  74.95 + 1.38
P TF-C 82.77 £ 6.66  70.15 £ 9.01  61.68 +2.21  64.37 £ 2.80  52.96 + 5.68  85.67 £ 1.54
TS2Vec 88.32 4422 77.39+3.29 7123 +529  72.06 +3.86  60.61 +3.96  90.64 + 1.58

SL-S4Wave(Ours) | 93.98 + 1.55 86.96 = 1.99 83.25 + 0.44 82.89 + 0.97 73.88 + 2.41 96.01 + 0.29

Table 1: Ventricular tachycardia detection task: Evaluation results on Challenge 2015-VT, MIMIC
II-VT and VTaC dataset, using 10s segment waveforms prior to alarms as input for classification. All self-
supervised methods are pre-trained on the VTaC unlabeled dataset. Reported values are the mean and
standard deviation over 5 runs (except for the rule-based method, which is deterministic). Result with the
highest average values of F1, Score, PPV and AUC in bold. Score = Challenge Score.

representations of the same example to be close to each other. 7) TS2Vec: TS2Vec (Yue et all 2022) uses
sampling strategies and hierarchical losses to maintain context invariance across multiple time resolutions.
We place the implementation details of all methods in the Appendix

Evaluation. In addition to common evaluation metrics such as TPR/TNR, Accuracy, F1, Positive Predictive
Value and AUC, we use the Challenge Score as an important metric as defined by the PhysioNet Challenge

2015 |Clifford et al | (2015): Score = gprprrp sy

4.3 Results

Performance in VT Detection across Three Fine-Tuning Datasets We evaluate our method for
detecting true ventricular tachycardia (VT) alarms on three datasets—Challenge 2015-VT, MIMIC II-VT,
and VTaC using 10-second waveform segments preceding each alarm as input. Table [ reports the results.
Across nearly all metrics, SL-S4Wave consistently surpasses both supervised and self-supervised baselines.
On the small Challenge 2015-VT cohort, SL-S4Wave achieves the highest F1 score (81.84), PPV (75.52),
and AUC (91.98), demonstrating strong performance in low-label settings. On the larger MIMIC II-VT
dataset, it achieved a Challenge Score of 69.57 and an AUC of 88.56, outperforming all supervised methods
(e.g., FCN Score 63.01, AUC 85.87) and every self-supervised competitor. On VTaC, SL-S4Wave attains
the top Challenge Score of 83.25 and the highest AUC of 96.01, exceeding the best supervised baseline
(FCN, Score 80.83, AUC 94.93). Other self-supervised models also perform competitively on VTaC, but
did not perform as well in comparison to SL-S4Wave’s AUC and Challenge Score. These results highlight
SL-S4Wave’s ability to generalize across datasets of widely varying size and distribution while effectively
leveraging self-supervised pretraining.
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(a) VTaC dataset (b) MIMIC II-VT dataset
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Figure 2: Fine-Tuning Data Efficiency. We plot the fine-tuning performance vs. the fraction of training data
used for fine-tuning on the VTaC (N = 5,037) and MIMIC II-VT (N = 2,802) benchmarks and report average of 5
seeds. Even with only 10% of the labeled data, SL-S4Wave matches or surpasses competing self-supervised methods
in both Challenge Score and AUC, and continues to scale more favorably as additional data become available. All
models used 10s segment of waveform prior to alarm onset as input for classification.

Ablation study In this section, we show how our SL-S4Wave models, both with and without pretraining,
perform on two datasets during the fine-tuning stage when different contrastive learning losses are used in
the pre-training phase. From the Table 2] the SL-S4Wave model outperforms the no pre-trained SL-S4Wave
model (S4Wave) on both datasets. Note that this gap is smaller on the VTaC dataset due to its larger
training set, which makes it easier for the model to learn information from fine-tuning. The SL-S4Wave
model using both context consistency loss £, and noise-resilient loss £, achieves the best performance.
The variant SL-S4Wave w/o L. using only noise-resilient loss performs worse on the VTaC dataset, which
may be due to the level of noise in the data. The variants SL-S4Wave w/o L, performs better on both
datasets compared to models without pre-training, indicating that contextual information helps the model
learn important features.

Dataset Scenarios Score AUC

SL-S4Wave w/o Pre | 58.44 (-15.99%) 81.57 (-7.90%)
SL-S4Wave w/o L. | 65.41 (-5.99%)  82.50 (-6.84%)

MIMIC L o1 quWave w/o £, | 66.46 (-4.47%)  87.69 (-0.99%)
SL-S4Wave 69.57 88.56

SL-S4Wave w/o Pre | 77.84 (-6.51%)  94.20 (-1.88%)

VTaC SL-S4Wave w/o L. | 76.12 (-8.57%)  94.11 (-1.98%)

SL-S4Wave w/o £, | 80.40 (-3.42%)  94.67 (-1.39%)
SL-S4Wave 83.25 96.01

n

Table 2: Ablation study on SL-S4Wave using different contrastive losses. The "w/o L." setting
refers to using self-supervised learning without the context consistency loss. The "w/o L,," setting is without
the noise-resilient loss. The "w/o Pre" refers to using S4Wave for direct supervised training on labeled
dataset without any pre-training. All experiments conducted using 10s segments.

Labeled Data Efficiency We evaluate the effectiveness of pre-trained representations by fine-tuning
models using fractions of labeled data (5%, 10%, 20%, 50%, and 100%) from the VTaC (N=5,037) and
MIMIC II-VT (N=2,802) datasets (see Figure [2. Across both datasets and all labeled data sizes, SL-
S4Wave consistently achieves the best Challenge Score and AUC, particularly excelling in the low-data
regime. Notably, with only 5-10% of labeled data, SL-S4Wave significantly outperforms other contrastive
learning baselines, highlighting its ability to generalize with minimal supervision. These results underscore
the benefits of self-supervised pretraining—especially for physiological waveform classification tasks with
limited labeled data. All models were trained using 10-second waveform segments preceding alarm onset.

SL-S4Wave Outperforms Prior S4-based Encoders with and without Pretraining To evaluate
the effectiveness of the proposed S4Wave encoder, we compare its performance with prior S4-based encoder
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Dataset Method Score F1 PPV AUC
SL-S4 67.76 + 2.46 71.20 £+ 0.01 62.59 £ 0.56 90.58 £+ 0.01
VTaC SL-SGConv 60.43 + 0.44 65.32 £ 0.97 57.70 £ 2.41 84.44 £ 0.29
. SL-S4Wave 83.25 + 0.44 82.89 + 0.97 73.88 £+ 2.41 96.01 + 0.29
Pre-trained
SL-S4 56.70 + 0.77 73.92 £+ 0.48 62.75 £ 0.89 79.62 + 0.81
MIMIC-II SL-SGConv 48.93 + 3.62 68.25 + 1.23 54.65 £+ 0.69 67.22 + 1.91
SL-S4Wave 69.57 + 1.18 80.83 £+ 0.59 70.86 £+ 0.90 88.56 + 0.36
S4 56.70 £+ 5.23 60.76 £+ 4.53 50.89 + 4.80 79.96 + 5.56
VTaC SGConv 68.38 + 0.84 71.54 + 0.59 62.51 £+ 1.07 88.62 + 0.17
. S4Wave 77.74 £ 2.75 76.97 + 4.43 69.70 + 9.03 91.08 + 2.84
No Pre-train
S4 50.99 + 0.76 52.30 + 1.02 67.54 £+ 0.39 64.52 + 1.80
MIMIC-II SGConv 54.69 £+ 0.50 54.69 + 0.50 70.69 + 0.19 56.41 + 0.49
S4Wave 58.44 + 2.04 74.71 £ 1.08 63.39 + 2.88 81.57 + 1.00

Table 3: SL-S4Wave outperforms prior S4-based encoders (specifically the original S4 and SGConv) with and
without pretraining across different datasets. All experiments use 10s segment waveforms prior to alarms
as input for classification. No pre-train refers to supervised training directly on labeled data only without
pre-training on unlabeled data.

architectures. Table [3] compares S4Wave with prior S4-based approaches. Our results indicate that SL-
S4Wave outperforms prior S4-based encoders with and without self-supervised pretraining. To evaluate the
effectiveness of the proposed S4Wave encoder, we compare SL-S4Wave with the original S4 and SGConv,
both with and without self-supervised pretraining, across the VTaC and MIMIC-II VT datasets. In the
self-supervised setting, we replace the S4Wave block with the original S4 or SGConv modules while keeping
the same loss, denoted as SL-S4 and SL-SGConv, respectively. As shown in Table[3] SL-S4Wave consistently
surpasses these baselines: on VTaC it achieves an AUC of 96.01, a 5.43 percentage-point gain (or 5.99%
increase in AUC) over SL-S4, and on MIMIC-II it reaches an AUC of 88.56, exceeding S4 by 8.94 percentage
points (or 11.22% increase in AUC). Importantly, the Challenge Score metric improves significantly, with
SL-S4Wave improving the pre-trained VTaC score by more than 22% and the MIMIC-IT score by nearly 23%
relative to the best S4-based baseline.

Even without pretraining, the S4Wave architecture demonstrates clear advantages. When trained from
scratch, S4Wave outperforms both S4 and SGConv across all metrics. For instance, on VTaC, S4Wave
achieved an an AUC of 91.08 (surpassing AUC of 88.62 by SGConv), while on MIMIC II, its AUC 81.57 sur-
passes S4 by more than 26%. On VTaC, S4Wave achieves a Challenge Score of 77.74, over 13% improvement
over the S4-encoder with the best Challenge Score (with SGConv Challenge Score 68.38), while on MIMIC-
IT it reaches 58.44, representing an improvement of roughly 15% compared with SGConv. Interestingly,
SGConv performs slightly worse with pretraining than without, whereas our S4Wave consistently benefits
from pretraining. These findings highlight both the strength of the proposed S4Wave block in capturing
long-range dependencies and complex temporal patterns in multi-channel physiological waveforms.

Performance Comparison of S4Wave with other Deep Learning Encoder Architecture To fur-
ther evaluate the effectiveness of the proposed S4Wave encoder, we compare its performance with other deep
learning encoder architectures, including FCN, ResNet and Transformers. In Appendix results from
Table [6] demonstrate that the proposed S4Wave encoder achieved superior performance with and without
self-supervised pre-training compared to representative deep learning baselines, including convolutional
(FCN, ResNet) and attention-based (Transformer) architectures, highlighting its ability to model long-
range temporal dependencies more effectively.

Performance of SL-S4Wave on Longer Sequences. ANSI/AAMI EC13 cardiac-monitoring standards
require that alarms trigger within 10 s of arrhythmia onset, and most prior machine-learning studies therefore
limit model inputs to the 10 s preceding an alarm. We hypothesized, however, that capturing longer pre-
alarm context could improve detection.
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Figure 3: Results using different sequence lengths with SL-S4Wave and baseline model in the two dataset.
All experiment conducted with 5 different seeds and reported their mean and standard deviation. The
performance of our proposed SL-S4Wave model enhanced further with longer sequences of time series data,
significantly outperforming the baseline FCN with contrastive learning. Waveforms were resampled at 125
Hz. Each 30-second segment corresponds to 3,750 time steps. S4Wave is supervised learning without pre-
training.

In this section, we evaluate whether our model could achieve better results over a longer time frame. Figure
shows the performance of different models on varying input lengths. (See Tables Tables [8| and |§| in the
Appendix for more detailed performance numbers.) Our results show that SL-S4Wave benefits substantially
from longer input windows. On VTaC, extending the segment length from 10 s to 30 s raises the Challenge
Score from 83.25 to 86.06 and the AUC from 96.01 to 96.70, while maintaining high F1 (82.9 — 84.1)
and PPV (73.8 — 74.6). Similarly, on MIMIC II-VT the Challenge Score improves from 69.57 to 71.09
and the AUC from 88.56 to 91.14 as the window increases from 10 s to 30 s. These results confirm that
the model effectively leverages additional temporal context.

In contrast, convolution-based baselines degrade with longer inputs. For example, on VTaC the FCN’s
Challenge Score drops from 80.83 at 10 s to 69.66 at 30 s, and its AUC falls from 94.93 to 89.71; the CNN
shows a similar decline. SimCLR’s self-supervised encoder also weakens substantially (Score 80.10 — 75.26,
AUC 93.73 — 91.48). The reduction in performance for these approaches may be due to the limited receptive
field of fixed-kernel convolutions, which hampers robust modeling of long sequences.

Even without self-supervised pre-training, the supervised S4Wave encoder benefits from longer windows. On
VTaC, its Challenge Score rises from 77.84 at 10 s to 85.24 at 30 s, with AUC improving from 94.20 to 96.45,
demonstrating strong representation learning for extended sequences.

Overall, SL-S4Wave not only surpasses all baselines at the standard 10-second input but also maintains
and even amplifies its advantage when modeling up to 30 s of pre-alarm data, underscoring its ability to
capture long-range temporal dependencies while meeting clinical alarm-timing requirements. These results
show that the proposed SL-S4Wave architecture can effectively exploit long-range waveform dependencies,
and self-supervised pre-training further enhances this ability, allowing SL-S4Wave to improve accuracy even
with three-times-longer input sequences.

Transferability to Other Downstream Tasks We assessed cross-domain generalization using the Phy-
sioNet Challenge 2015 and MIMIC-IT Arrhythmia datasets, each containing five arrhythmia types (ASY,
EBR, ETC, VFB, VTA). All self-supervised methods, including SL-S4Wave, were pretrained solely on unla-
beled VT alarms. Figure [4 plots results on the MIMIC II dataset. Tabldf|in Appendix reports performance
on the MIMIC dataset.

On the MIMIC IT Arrhythmia dataset, SL-S4Wave achieves the highest performance on nearly all arrhythmia
types, with the exception of EBR. Notably, despite being pretrained exclusively on unlabeled VT data, most
self-supervised models, including SL-S4Wave, perform well on VTA alarms. However, most other approaches’
performance drops when evaluated on other arrhythmia types with highly imbalanced distributions (e.g.,
ASY) or limited sample sizes (e.g., VFB). SL-S4Wave consistently shows more robust generalization across

11
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these challenges, highlighting its superior transferability. For example, SL-S4Wave achieves an AUC of 92.17
and 96.53 on ASY and VFB respectively, over 6% improvement over the next best self-supervised model.

Similarly, on the Challenge 2015 dataset, SL-S4Wave outperforms all other deep learning models on all
arrhythmia alarms in AUCs. It achieves the highest Challenge Score in all arrhythmia types, except in ETC.
These findings suggest that SL-S4Wave learns generalized and discriminative representations that extend
effectively to previously unseen alarm types, even when trained on a single type during pretraining.

Overall, these results demonstrate that SL-S4Wave learns robust, discriminative representations that transfer
across arrhythmia types, maintaining strong accuracy even when the fine-tuning labels are scarce or the target
rhythm differs markedly from the pretraining task.
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Figure 4: Broad transferability of SL-S4Wave. We further show that SL-S4Wave provides a strong
pretrained model for adaptation to a wide variety of datasets related to various types of arrhythmia. This
figure shows the 5 different arrhythmia results in MIMIC dataset. In all cases, SL-S4Wave tends to at least
match or exceed the performance (as measured by Challenge Score) of the best method trained from scratch.
Detailed results are in the Appendix. [B.]]

5 Discussions and Conclusion

In this work, we introduced SL-S4Wave, a self-supervised learning framework built upon the proposed
S4Wave encoder for robust representation learning from physiological waveforms. S4Wave effectively models
both local and long-range temporal dependencies across multichannel signals and scales to substantially
longer waveform segments than conventional convolutional or attention-based architectures. This capability
results in richer, more temporally coherent waveform representations.

Our evaluation on real-world ECG datasets demonstrates that SL-S4Wave consistently outperforms strong
supervised and self-supervised baselines, including convolutional (e.g., FCN, ResNet) and attention-based
(e.g., Transformer) models, across multiple arrhythmia alarm validation tasks. Notably, the framework
exhibits high label efficiency, achieving competitive performance even with very limited annotations, and
demonstrates robust cross-dataset generalization to related arrhythmia classification tasks. These results
underscore the value of combining structured state-space sequence modeling with contrastive self-supervision
for biomedical time-series representation learning.

Future work will integrate uncertainty quantification for improved reliability in safety-critical settings. We

will also investigate foundation model pretraining for structured state-space models for a broader range of
clinical tasks.
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A Structured State-Space Model

The state-space model is a classic model in control theory, and it represents the operational state of a system
using first-order differential equations (ODE). A continuous state-space model can be defined in the following
form:

2/ (t) = Az(t) + Bu(t),
y(t) = Ca'(t) + Du(t), (12)

where u(t) is a vector that represents the input of the system, while the y(¢) is a vector that represents the
output of the system. z(t) represents the latent state of the system, and its derivative z’(¢) w.r.t time defines
how the latent representation evolves over time based on both the current state and the input. A, B,C, D
here are the state, input, output and feedforward matrices, defining the relationship between the input,
output and state vector. To apply the model in a discrete space, we need to discretize the SSM as follows:

T = Ao:k_l + Buk, Y = C’Ik + Duk
A=(T—-A/)2- AN I +A/2-A) (13)
B=(I-A/2-A)AB,

where A is a trainable time-step size parameter. Following |Gu et al.| (2021), D is set equal to 0 since it can

be replaced by the residual connection. Now, Eq.2 resembles an architecture similar to RNN, allowing us to
recurrently compute x. Let the initial state be xp_1 = 0, and we can unroll Eq.2 as follows:

yp = CA*Bug + CA*~1Bu; + ... + CABuy_1 + CBuy (14)

y=Ku, K= (CB,CA'B,...,CA*B). (15)

where y is output sequence y = (yo, y1, ..., Y& ), while the u is the input sequence u = (ug, u1, ..., ux). And K
is defined as a SSM convolution kernel. Therefore, SSM can be transformed from the form of a recurrent
neural network to a convolutional neural network, allowing us to use the fast Fourier transform to efficiently
compute the SSM convolutional kernel K. In fact, the main computational cost of SSM lies in the A matrix.
Since the A matrix is a learnable parameter matrix, it means that every parameter update requires computing
the very long convolutional kernel K. Based on the effective training method proposed by [Gu et al.| (2020),
which introduces a HIPPO matrix to efficiently initialize the matrix A. By decomposing the state transition
matrix A into a low-rank matrix and a skew-symmetric matrix, the computational cost of the convolutional
kernel is effectively reduced.

B Additional Results

B.1 Transferability Evaluation: Challenge 2015 Dataset - Performance on Cross-Domain Data

In the main text, we only report results of MIMIC IT Arrhythmia and VTaC datasets. In this section, we
present the detailed classification results of various models on the Challenge 2015 dataset (see Table. .
Note that in this experiment, we integrated all arrhythmias into one dataset and performed partitioning on
this dataset. Therefore, the results for VT and VTA in the table differ from those of the main experiment.
The SL-S4Wave model achieved the best performance on most metrics in five different arrhythmia tasks.
We highlight the following results.

e SL-S4Wave with pre-train out-performed the best self-supervised baseline in average
Challenge Scores in four out of the five arrhythmia types.

e SL-S4Wave with pre-training significantly out-performed the supervised approach FCN
in AUC across all four arrhythmia types.
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Although TS2Vec was able to outperform the SL-S4Wave model in the extreme tachycardia (ETC) task in
Score and F1, but it significantly under-performed in other types of arrhythmia. We also observe that many
models exhibit high variance in performance across runs. This variability is largely due to the limited size of
the PhysioNet 2015 dataset—particularly the VFB subset, which contains only 40 training samples—making
model optimization inherently unstable. Despite this, our method achieves consistently lower standard
deviations in many settings. Even when using pre-trained deep learning models, effective training remains
difficult under such sparse supervision, especially in cross-domain evaluations. Nevertheless, several self-
supervised approaches still outperform fully supervised baselines (e.g., FCN), indicating that pre-training
provides useful prior knowledge that improves learning under severe data scarcity.

Datasets Method TPR TNR Score F1 PPV AUC
Supervised | FEN 96.00 £ 8.00  20.95 + 2.33  34.56 £ 4.31 36.35 £ 2.86 22.42 £ 1.76 54.10 + 9.36
pervis S4Wave 100.00 £ 0.00 77.14 + 0.00  81.54 %+ 0.00 67.96 % 0.00 51.67 % 0.00 88.57 + 0.00
ASY SimCLR 96.00 £ 8.00  19.05 £ 0.00  33.03 &£ 3.18 35.78 £ 2.51 21.99 + 1.47 53.14 + 1.64
CMSC 100.00 £ 0.00 19.05 + 555  34.62 &+ 4.49 37.04 £ 4.92 22.73 + 5.44 61.52 + 2.78
N=120 | o oq | TS-TCC 32.00 + 16.00 59.05 + 18.71 36.38 + 14.37  23.31 + 14.88 1879 + 13.25  46.19 + 17.75
cl-supervised | pp ¢ 60.00 £ 17.89  36.10 + 14.00 32.46 £ 14.12  28.97 £ 11.23  19.25 + 8.25 46.67 £ 12.65
TS2Vec 88.00 £ 9.80  23.81 +£5.22  33.18 + 2.96 34.57 £ 2.29 21.53 £ 1.27 47.81 + 8.33
SL-S4Wave(Ours) | 100.00 £ 0.00 80.95 + 8.52  84.62 + 6.88  72.53 £ 8.69  57.62 £ 10.50 99.05 + 1.90
Suvervised | FON 100.00 £ 0.00  50.00 £ 0.00  78.57 £ 0.00  84.21 % 0.00 72.73 £ 0.00 82.92 £ 0.00
perv S4Wave 65.00 £ 12.25 86.67 + 6.67  42.67 £ 9.04 73.64 & 7.96 87.43 & 6.66 75.83 & 4.86
EBR SimCLR 95.00 £ 6.12  50.00 + 0.00  69.37 £ 11.28  81.64 £ 3.15 71.64 + 1.34 81.25 + 8.54
CMSC 95.00 £ 6.12  50.00 £ 0.00  69.37 £ 11.28  81.64 + 3.15 71.64 £ 1.34 81.25 + 8.54
N=00 | g eq | TS-TCC 60.00 & 22.91 83.33 +£0.00  42.08 £ 2022  67.31 £ 17.02  81.00 % 5.61 68.13 + 18.70
elmsupervised | rp_¢ 90.00 £ 12.25 56.67 £ 8.17  66.36 £ 20.95  80.63 + 8.38 73.21 £ 5.97 83.33 £ 11.56
TS2Vec 97.50 £5.00  56.67 £ 8.17  76.51 £ 8.18 84.78 £ 2.18  75.19 + 3.10 88.33 £ 5.37
SL-SdWave(Ours) | 100.00 £ 0.00 83.33 + 0.00  92.86 + 0.00  94.12 + 0.00  88.89 + 0.00  91.67 + 0.00
Suberviced | FEN 94.17 £ 2.04  40.00 + 20.00 74.47 + 6.84 94.56 + 1.68 94.96 + 1.65 77.92 + 18.29
UPErvISe S4Wave 90.00 £ 2.04  100.00 £ 0.00 66.56 £ 4.93 94.72 £ 1.14 100.00 £ 0.00 95.00 + 1.02
ETC SimCLR 93.33 + 3.33  40.00 + 20.00 72.58 + 9.89 94.10 + 2.52 94.89 & 1.79 56.67 & 24.80
CMSC 90.83 + 1.67  50.00 £ 0.00  65.70 £ 3.90 93.15 + 0.93 95.61 + 0.08 61.25 + 9.46
N=139 | o vised | TSICC 7417 £553  50.00 £ 0.00  37.73 £ 6.94 83.07 £ 3.59 94.65 £ 0.37 60.42 + 4.37
~supervi TF-C 80.83 £ 6.24  60.00 & 20.00 47.65 & 9.34 87.66 & 3.84 96.07 £ 2.00 64.17 £ 12.39
TS2Vec 95.00 £ 4.86  60.00 + 20.00 80.34 &+ 16.13 95.74 £ 3.07  96.50 + 1.72 66.67 + 17.13
SL-S4Wave(Ours) | 91.67 & 0.00  100.00 & 0.00  70.59 % 0.00 95.65 £ 0.00 100.00 + 0.00 95.83 + 0.00
Supervised | FEN 100.00 £ 0.00 0.00 & 0.00  15.39 % 0.00 26.66 % 0.00 15.38 & 0.00 50.00 & 0.00
pervise S4Wave 100.00 £ 0.00 72.73 + 14.37 76.92 + 12.16 59.65 + 14.09 43.71 + 15.14  96.36 + 8.13
VFB SimCLR 100.00 £ 0.00  0.00 £ 0.00  15.39 = 0.00 26.66 £ 0.00 15.38 £+ 0.00 50.00 =+ 0.00
CMSC 100.00 £ 0.00  0.00 + 0.00  15.39 % 0.00 26.66 % 0.00 15.38 & 0.00 50.00 % 0.00
N=58 | oo o | TS-TCC 20.00 + 24.49 32.73 +£9.27  21.29 + 8.07 8.00 + 9.80 5.00 + 6.12 28.64 + 16.98
el-supervised | pp_¢ 80.00 £ 24.490 49.09 + 15.85 50.23 £ 19.78  36.70 £ 15.18  24.11 + 11.05  68.18 & 17.49
TS2Vec 100.00 £ 0.00 23.64 +7.27  35.38 + 6.15 32.40 + 2.22 19.35 + 1.60 70.00 + 13.67
SL-S4Wave(Ours) | 100.00 £ 0.00 72.73 + 12.86 76.92 + 10.88 59.17 £ 12.88  43.05 + 14.10  97.27 &+ 4.07
Suvervised | FON 97.65 £ 2.88 2852 £ 4.16  44.17 £ 4.27 46.03 £ 2.09 30.12 £ 1.56 68.69 £ 4.47
perv S4Wave 87.06 £ 4.92  87.41 £ 5.62 T77.74 £ 2.75 76.97 + 4.43 69.70 £ 9.03 92.11 + 2.84
VTA SimCLR 90.50 £ 4.71 2556 +£ 5.90  37.68 + 2.08 42.44 £ 0.76 27.74 £ 0.76 56.60 + 4.73
CMSC 89.41 £ 2.35  28.80 £ 2.77  39.42 £ 2.48 43.08 £ 1.33 28.38 £ 0.99 59.13 + 3.03
N=343 | (o ed | TSICC 80.00 + 6.00  60.74 + 4.60  54.97 + 3.64 52.54 + 3.03 39.21 + 2.72 75.19 + 1.15
clsupervised | pp_ g 67.06 + 7.06  49.63 + 16.62  40.60 + 6.34 41.68 + 3.84 31.03 + 5.81 63.14 + 3.97
TS2Vec 88.24 £ 6.44  36.30 £ 5.93  43.82 + 2.48 45.17 £ 1.64 30.41 + 1.22 69.52 + 4.04
SL-SdWave(Ours) | 94.12 £ 3.72  87.78 + 1.48  84.67 + 4.17  80.82 + 2.93  70.85 + 2.91  90.95 + 2.26

Table 4: Transferability to other types of arrhythmias: Classification results on the PhysioNet
Challenge 2015 dataset. We pre-trained on the unlabeled dataset from VTaC and fine-tuned on the
labeled data from the Challenge 2015 data. We report the test set performance for four distinct classes of life-
threatening arrhythmias from the Challenge 2015 dataset, including Asystole (ASY), Extreme Bradycardia
(EBR), Extreme Tachycardia (ETC), Ventricular Flutter/Fibrillation (VFB), and Ventricular Tachycardia
(VTA). Performance was reported as the mean and standard deviation over five random seeds. Despite
the limited size of the target dataset, SL-S4Wave demonstrated strong cross-domain transferability across
different arrhythmia classes. The result in this table uses the S4 d state=64 setting.
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B.2 Full Results of Transferability Evaluation on MIMIC Il Dataset

Table [5] shows the results of different baseline methods on the MIMIC II arrthymia dataset. The experiment
in MIMIC IT also follows the experimental setup of using data from 5 arrhythmias for training. Therefore,
the VTA results will differ from those of the main experiment MIMIC-VT. Here are some highlighted results.

e In the ASY, ETC, VFB, and VTA scenarios, the SL-S4Wave model outperforms other
self-supervised learning models by 4%-76% on the Challenge Score metric. There is
also an improvement of 6%-23% in the AUC metric.

e SL-S4Wave with pre-training significantly out-perform the supervised model FCN in
average Challenge Score by 2%-32% in ASY, EBR, VFB and VTA, while achieving
similar performance with FCN in ETC.

In the EBR, SL-S4Wave achieved the second best Challenge Score, after TS-TCC. While TS-TCC performed
better than SL-S4Wave and other approaches in the EBR task, it significantly under-performed in all other
arrhythmia types. In addition, we observed that some self-supervised models perform well on specific subsets
of data, while others do not. For example, TS-TCC performs very well on EBR but poorly on VFB; CMSC
performs poorly on ASY and EBR but well on VFB and VTA. This may be due to the different positive
pairs of various self-supervised methods and the different focuses learned during the pre-training phase. Our
method benefits from sampling from longer intervals and learns more universal representations.

B.3 Effect of Encoder Architecture and Pre-training in SL-S4Wave

In this section, we compare the performance gap between SL-S4Wave and baseline models with and without
pre-training. We train FCN, ResNet He et al.| (2015)), and Transformer |Vaswani et al| (2017) as encoder
models within the pipeline. Detailed results are presented in Table [6]

Table [6] reports the downstream classification performance of SL-S4Wave and three alternative encoder
architectures—FCN, ResNet18, and Transformer—trained with and without self-supervised pre-training on
two datasets (VTaC and MIMIC II).

In the VTaC dataset, the pre-trained SL-S4Wave model achieves the highest AUC and Challenge Score
metrics. The pre-trained FCN has a higher AUC but a lower Score, which may be due to the fact that
pre-training enhances the model’s ability to judge negative samples, but as a trade-off, there is a certain
decrease in the model’s ability to judge positive samples. This also happens on the SL-S4Wave. This might
be explained by the fact that the unlabelled data may contain more positive samples than negative ones.
Meanwhile, the ResNet has significant performance improvements after pre-training. This demonstrates
that our model can learn efficient representations during self-supervised learning, enhancing downstream
classifiers in better accomplishing their tasks. On the relatively smaller MIMIC II dataset, all baseline
models have shown improvement in the two important metrics AUC and Challenge Score. The pre-trained
SL-S4Wave consistently outperformed the non-pre-trained SL-S4Wave model. Transformer also continued
this trend. On the VTaC dataset, the pre-trained Transformer’s Score and AUC metrics greatly exceeded
those of the original Transformer, while on the MIMIC dataset there was a slight improvement. This suggests
that self-supervised learning performs better on smaller datasets.

B.4 Performance with Different Block Number

Since our model consists of several SL-S4Wave blocks stacked together, to demonstrate the impact of different
numbers of blocks on the model performance, we conducted an ablation study to explore the effect of multiple
blocks on model performance. Due to the purpose of the experiment was solely to explore the effects brought
about by the model structure, we did not pre-train the different block variants of the model on the VTaC
unlabelled dataset; instead, we directly fine-tuned them on the VTaC dataset. In Fig. we illustrate the
performance with block number= [1, 2,3, 4,5, 6].

We can see that as the number of blocks increases from 1 to 3 layers, both the AUC and Score show a
significant improvement. However, when using larger numbers of blocks, although the model’s performance
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Datasets Method TPR TNR Score F1 PPV AUC

Supervised FCN 88.00 £ 0.00  56.30 £ 4.00  56.54 £ 2.40  17.76 £ 220  9.88 £ 0.88  83.00 + 0.52

upervise S4Wave 80.00 + 0.00 50.43 £ 17.89  49.12 + 28.63  16.81 + 26.29  9.67 + 450  65.22 + 2.98

ASY SimCLR 100.00 £ 0.00 31.52 4+ 0.00  35.05+ 516  13.76 + 4.89  7.39 £0.92  86.37 + 0.53
CMSC 100.00 £ 0.00  29.13 £ 0.00 3278 £3.01  13.32+£2.85  7.13+£048  84.97 £ 0.27

N=944 Self-suervised TS-TCC 56.00 £ 0.00  33.33 £ 19.60  27.47 + 2043  25.13 £ 12.96 16.59 £ 3.24  42.57 + 1.70
clrsupervise TF-C 98.00 £ 0.00  39.89 £ 4.00 4271 £3.05 1505+ 283 815+ 072  83.21 + 041

TS2Vec 98.00 £ 0.00  1.09 £ 4.00 6.05 + 1.14 9.71 + 0.89 511+£029  41.73 £0.15
SL-SdWave(Ours) | 94.00 £ 0.00  74.13 +4.90  74.25 + 1.56 28.11 + 1.54 1653 £ 1.95  92.17 + 1.24

Supervised FCN 00.83 £ 3.12  49.07 £ 441 5446 £ 466  51.99 £ 298  36.45+ 255  70.14 + 1.81

P S4Wave 80.17 £ 5.65 44.80 + 31.13  49.39 + 17.96  52.42 £ 10.99  38.75 £ 12.05  66.98 + 12.76

EBR SimCLR 88.33 & 6.67  34.40 £5.23 4275+ 331 4490 £204  30.14 + 1.39  70.14 + 1.81
CMSC 90.00 + 2.04  33.87 £2.99  43.30 £ 236 4540 + 1.31  30.36 + 1.06  71.37 + 2.75
N=058 Self-cupervised TS-TCC 92.50 + 15.00  60.00 £ 22.61 71.98 + 18.70 82.89 + 7.88 77.11 + 8.99 78.75 + 5.99
P TF-C 0417 £3.33 3387 +£524 4590 £3.42  47.04+£175 3137+ 150  75.64 + 3.18

TS2Vec 100.00 + 0.00  2.67 £ 348  26.26 £ 2.63  39.60 + 0.88 2476 + 0.60  44.91 + 9.54

SL-S4Wave(Ours) | 88.33 £4.08  60.00 £ 6.69  60.19 =552  56.61 £4.15  41.79 £ 416  74.17 + 4.06

Supervised FCN 0427 £ 1.92 4654 £ 2.33  64.23 £3.00  78.17 £ 0.82  66.79 £ 0.84  83.26 + 0.84

pervise S4Wave 91.60 £ 6.55 36.26 £ 23.18  55.86 £ 3.35  74.32+£3.09  63.33 £ 6.8  63.93 & 8.61

ETC SimCLR 91.26 + 244 29.42 +£5.65 5264+ 1.95 7210+ 0.74  59.64 + 1.45  67.31 + 2.64
CMSC 91.47 + 1.71  28.09 £ 3.32 5238+ 1.34  71.87 +£0.39  59.21 + 0.76  66.13 + 1.07

N=2873 Self-supervised TS-TCC 82.50 +£ 7.64  50.00 £ 0.00  50.95 + 13.78  88.21 £ 4.52 95.16 £ 0.42  68.96 + 9.07
“supervt TF-C 93.31 £ 0.98  26.85+529  54.52 + 2.65 72.50 £ 1.39  59.30 + 1.73  65.54 & 1.9

TS2Vec 99.59 + 0.33  0.54 £ 0.91 52.85 £ 0.50  69.44 +£0.18  53.31 £0.20  55.23 £ 1.75

SL-SdWave(Ours) | 91.95 £ 2.05  56.89 + 3.45  64.61 & 3.46  80.04 = 1.49  70.89 £ 1.70  84.27 + 0.95

Superviced Method | FEN 9755 + 1.64  51.84 £2.29 7433 £294  84.06+ 052  73.87 £0.70  90.69 + 1.78

pervisec Ale S4Wave 95.66 & 1.85 46.58 £ 23.84  68.43 £ 9.87  82.20 £ 6.06  72.53 £8.97  71.12 &+ 12.07

VFB SimCLR 100.00 £ 0.00 1842 £ 7.11  65.93 +£2.97  77.40 £ 1.53  63.16 £ 2.05  90.83 £ 2.17
CMSC 100.00 £ 0.00 13.68 £4.20  63.96 £ 1.79 7638 £0.91  61.79 £ 1.19  89.24 + 3.08

N=d67 | o vised Mothod | TS-TCC 50.00 £ 0.00  7.27 £ 8.91 1059 £ 5.76 1524 + 1.17  9.00 +£0.82  31.82 + 8.38
-supervise TF-C 9547 £ 0.71  33.16 £ 4.51  62.85 £ 241 7846+ 120  66.61 £ 1.56  86.51 + 1.66

TS2Vec 98.87 £ 1.83 1324263 5673 +£224  73.33+£0.38 5829+ 023  58.26 + 3.23

SL-S4Wave(Ours) | 95.66 £ 046  70.79 £ 428  77.47 + 2.50 88.35 + 1.44 82.09 + 2.20 96.53 + 0.39

Superviced Mothod | FEN 97.11 + 0.57  63.33 £3.78 8277+ 147 9422+ 0.33  91.50 +£ 0.76  91.15 + 0.62

P S4Wave 96.41 + 2.20 49.82 £ 33.39 7828 £ 259  92.49 + 260  89.24 + 6.33  73.12 + 15.70

VTA SimCLR 98.19 + 1.21  36.67 £ 586  81.41 +£3.04  91.86+ 0.36  86.32 +0.99  86.59 + 1.67
CMSC 98.70 £ 0.71 3474 £ 414 8267+ 1.73 91924025  86.01 +0.69  85.02 + 1.71

N=2768 | o od Mothod | TSTCC 80.41 £ 6.86 4519 £ 17.08  50.62 £ 10.76  50.08 £ 6.31  35.26 + 6.20  68.81 + 8.11
P TF-C 95.81 + 0.32 4158 £ 4.98 7502+ 146  91.17 + 0.61  86.96 + 0.97  85.61 + 2.00

TS2Vec 99.05 £0.77 070 £ 0.66  77.32£230  88.63+£0.32  80.20 £ 0.05  47.79 & 2.56

SL-S4Wave(Ours) | 96.59 £0.44  81.05 £ 1.63 84.30 + 1.20 95.99 &= 0.15 95.40 + 0.36 95.04 + 0.51

Table 5: Transferability to other types of arrhythmias: classification results on the MIMIC II Ar-
rhythmia dataset (Total N=8,010). We pre-trained on the unlabeled VTaC dataset and fine-tuned on
five different disease-specific sub-datasets. ASY, EBR, ETC, VFB, and VTA represent Asystole, Extreme
Bradycardia, Extreme Tachycardia, Ventricular Tachycardia, and Ventricular Flutter/Fibrillation, respec-
tively.

continues to increase, it is accompanied by larger standard deviations. In other words, the number of blocks
generally follows the principle of diminishing marginal utility, with the utility being maximized at three
blocks. While there is still some improvement beyond three layers, the overall increase is marginal. This
may be because the model has entered a state of overfitting when the number of blocks exceeds three. We
did not attempt larger blocks due to computational resource constraints. However, we can speculate that
larger blocks might still offer some performance improvements, but the potential for further increases would
likely be limited.

B.5 Parameter Sensitivity

In the pre-training, we used X as a parameter to adjust the roles of the two parts of the loss. In Table. [7]
we tested the pre-training results on the VTaC unlabelled dataset with A\ values of 0.01, 0.1, 1, 10, and 100,
and then fine-tuned on the VTaC dataset.

As Table. [7] shows, The model appears to be relatively insensitive to the A parameter. When the Context
Consistency Loss has a greater impact (A = 10, 100), there is a slight but not significant decrease in perfor-
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Dataset Method TPR TNR Score F1 PPV AUC
FCN w/o Pre 91.83 + 1.31 86.96 + 2.60 80.83 + 1.65 81.79 4 2.15 73.82 £ 3.70 94.93 4 0.38
FCN 91.8242.50 84.87+1.58 79.52+2.26 79.88+1.23 70.74+1.87 94.47+0.79
VTaC ResNet w/o Pre 55.3346.68 67.9446.32 42.7943.51 46.9244.34 41.1145.25 68.9043.54
ResNet 65.26+0.88 79.30+1.39 53.99+1.26 60.06+1.50 55.64+1.93 79.76+1.68
Transformer w/o Pre 94.82 + 1.87 18.64 + 3.73 51.61 + 2.13 68.88 + 0.85 54.10 £ 0.94 64.76 £ 1.60
Transformer 83.36 + 2.39 67.36 £ 4.51 60.45 + 0.88 62.84 + 1.54 50.55 + 2.93 84.39 £ 0.86
S4Wave 91.24 + 1.33 83.30 £ 1.44 77.84 £ 1.14 78.27 £ 0.97 68.36 £ 1.52 94.20 £ 0.50
SL-S4Wave 93.98 + 1.55 86.96 + 1.99 83.25 + 0.44 82.89 + 0.97 73.88 + 2.41 96.01 + 0.29
FCN w/o Pre 92.41+1.72 52.54+4.00 63.01+2.98 77.2541.59 66.45+£2.08 85.87+1.00
FCN 77.88+1.82 83.47+1.10 66.3440.76 69.7440.12 63.19+1.07 87.3240.03
MIMIC ResNet w/o Pre 94.1140.28 25.1641.21 53.4940.15 70.1940.18 55.9740.33 74.8040.39
ResNet 93.40+1.58 34.05+7.32 56.39+1.35 72.27+1.34 59.00+£2.32 78.28+1.33
Transformer w/o Pre 67.15 +1.74 66.44 +£4.95 49.13 +1.24 53.12 £0.62 44.75 £1.04 72.76 +£2.29
Transformer 97.09 + 1.74 11.83 + 4.95 51.68 + 1.24 68.30 £ 0.62 52.70 £ 1.04 62.54 + 2.29
S4Wave 90.92 + 3.41 46.88 + 8.27 58.44 + 2.04 74.71 £ 1.08 63.39 + 2.88 81.57 £ 1.00
SL-S4Wave 94.37 £ 0.77 60.21 £ 2.02 69.57 + 1.18 80.83 + 0.59 70.86 + 0.90 88.56 + 0.36

Table 6: Effect of Encoder Architecture and Pre-training in SI-S4Wave: Evaluation of pre-training effective-
ness using different baseline models. The ResNet we are using here is ResNet18. Our results demonstrate
that S4Wave is an effective encoder architecture for SL-S4Wave, capturing temporal dependencies from long,
multi-channel physiological signals more effectively than convolutional or attention-based encoders, such as
FCN, ResNet and Transformer. All models use 10s segment of waveforms as input for classification.

Average Score and AUC on different number of layers with Confidence Intervals
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Figure 5: The results of SL-S4Wave on the VTaC dataset with different numbers of blocks.

mance. When the Noise-resilient Loss plays a larger role (A = 0.1,0.01), there is virtually no change in the
model’s performance. Overall, adjusting the A parameter has almost no effect on the fine-tuning performance
of the model, and those performance variations are likely due more to initialized parameters.
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A TPR  TNR  Score F1 PPV AUC
0.01 93.43 8449 80.99 80.37 70.15 94.40
0.1 93.43 8449 8099 80.37 70.15 94.40
1 93.43 84.99 81.32 80.83 70.89 95.25

10 92,52 86.09 81.03 81.31 72.14 94.62
100 9197 8580 80.25 80.77 71.63  94.63

Table 7: Parameter sensitivity experiment on VTaC dataset. We reported the average of 5 experiments.
The best result is highlighted in bold. The experiment is conducted at d=64.

B.6 Performance Comparison of Time Lengths

Table [§ and Table [0] record the complete data of Figure [3] in the section "Performance of SL-S4Wave on
Longer Sequences." Each method in the table has undergone hyperparameter tuning. We performed a grid
search from Ir: le-3, le-4, le-5, batch size: 32, 64, 128 and selected the AUC metric in best validation set

on five different random seeds each time. The mean and standard deviation are reported.

Method | Time | TPR TNR Score F1 PPV AUC
10s 93.98 + 1.55 86.96 + 1.99 83.25 + 0.44 82.89 + 0.97 73.78 + 2.41 96.01 + 0.29
SL-S4Wave 20s 93.72 + 1.76 89.39 + 0.97 84.61 + 1.55 85.03 + 0.54 77.85 + 1.34 96.41 + 0.47
30s 96.35 + 0.73 86.96 + 1.49 86.06 + 1.51 84.09 + 1.53 74.63 + 2.25 96.70 + 0.49
10s 91.24 + 1.33 83.30 + 1.44 77.84 + 1.14 82.59 + 0.97 68.36 + 1.52 94.20 + 0.50
S4Wave 20s 94.01 + 1.19 87.83 + 1.30 83.90 + 0.89 78.27 + 1.05 74.99 + 2.01 96.05 + 0.67
30s 96.17 + 2.44 86.09 + 0.85 85.24 + 0.78 83.23 + 2.03 73.02 + 1.78 96.45 + 0.61
10s 91.83 + 1.31 86.96 + 2.60 80.83 + 1.65 81.79 + 2.15 73.82 + 3.70 94.93 + 0.38
FCN 20s 85.40 + 4.63 84.93 + 3.59 72.95 + 3.33 76.47 + 1.93 68.82 + 2.89 92.06 + 0.72
30s 87.10 + 1.32 76.81 + 5.25 69.66 + 0.98 70.98 + 0.82 60.16 + 1.79 89.71 + 0.84
10s 95.04 + 0.85 74.32 + 0.70 75.92 + 0.65 73.26 + 0.40 59.46 + 0.60 93.45 + 0.37
CNN 20s 97.08 + 2.08 70.20 + 3.92 75.33 + 1.14 71.47 + 1.83 56.41 + 3.01 93.38 £+ 0.22
30s 95.04 + 0.80 70.20 + 4.50 73.14 + 2.58 70.38 + 2.73 55.67 + 3.58 92.46 + 0.56
10s 91.83 + 0.40 86.96 + 2.18 80.10 + 1.53 77.14 + 1.68 64.23 + 2.31 93.73 + 0.07
SimCLR 20s 85.11 + 0.85 86.26 + 1.57 73.52 + 0.91 77.51 + 0.98 70.90 + 1.49 92.98 + 0.17
30s 89.93 + 1.42 81.45 + 0.73 75.26 &+ 1.39 76.00 + 0.78 65.47 £+ 0.84 91.48 + 0.34

Table 8: Results using different sequence lengths with SL-S4Wave and baseline model in the VTaC dataset.

Method ‘ Time ‘ TPR TNR Score F1 PPV AUC
10s 94.37 + 0.77 60.21 4+ 2.02 69.57 + 1.18 80.83 + 0.59 70.86 4+ 0.90 88.56 + 0.36
SL-S4Wave 20s 94.68 + 1.50 60.86 + 6.97 70.34 + 1.65 81.18 + 1.77 71.18 + 3.33 90.11 + 0.94
30s 96.10 + 1.23 57.06 + 6.48 71.09 + 1.20 80.61 + 1.64 69.51 + 3.07 91.14 4+ 0.57
10s 90.92 + 3.04 46.88 + 8.27 58.44 + 2.41 74.71 + 1.08 63.39 + 2.88 81.57 + 1.00
S4Wave 20s 92.48 + 2.14 58.49 + 6.44 65.70 + 2.15 79.23 + 1.49 69.41 + 2.81 89.07 + 1.04
30s 93.55 + 2.48 59.14 + 4.45 67.77 + 2.80 79.97 + 0.95 69.91 + 1.81 89.74 + 0.62
10s 92.41 + 1.72 52.54 4+ 4.00 63.01 + 2.98 77.25 &+ 1.59 66.45 + 2.08 85.87 + 1.00
FCN 20s 90.43 + 1.23 51.04 + 5.64 59.40 + 1.43 75.75 + 1.32 65.23 + 2.37 84.26 + 2.13
30s 88.58 + 3.21 59.35 + 4.95 60.35 + 2.48 77.43 + 0.41 68.89 + 1.88 85.95 £+ 1.10
10s 95.46 + 3.53 15.27 £+ 10.88 51.02 + 0.78 68.37 + 1.04 53.25 + 2.34 70.94 + 2.24
CNN 20s 96.03 + 3.81 10.97 + 8.83 49.75 + 1.69 67.64 + 0.63 52.24 + 1.66 70.04 + 3.28
30s 99.86 + 0.28 0.14 £+ 0.29 50.13 + 0.28 66.87 + 0.06 50.18 4+ 0.00 50.52 + 3.87
10s 97.38 + 0.40 17.56 + 2.18 54.76 + 3.42 69.82 + 1.68 54.33 + 2.31 71.42 + 4.41
SimCLR 20s 95.46 + 3.81 15.27 £ 8.83 51.02 + 1.69 68.37 + 0.63 53.25 + 1.66 70.94 £+ 3.28
30s 100.00 + 0.00 0.00 £ 0.00 50.27 + 0.00 66.90 + 0.00 50.18 + 0.00 49.85 + 0.15

Table 9: Results using different sequence lengths with SL-S4Wave and baseline model in the MIMIC II-VT

dataset.
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C The SL-S4Wave with Different Kernel Sizes

According to |Li et al.| (2022) paper, the effectiveness of SGConv primarily stems from two features: Param-
eterization Efficiency and Weight Decay.

Parameterization Efficiency: Unlike local convolutions, SGConv is a global convolution algorithm, mean-
ing it directly employs a convolution kernel whose length matches that of the sequence. However, naively
parameterizing the convolution kernel as in classical local convolution is problematic for long sequences.
SGConv constructs its global convolution kernel by concatenating smaller convolution kernels of varying
lengths; each larger sub-kernel doubles the size of the previous one, while the number of parameters at each
scale remains constant. This design ensures that the number of parameters depends logarithmically on the
input length. Its number of kernels NV is given by the following equation:

N = lng(%) +1 (16)

where L is the sequence length, d is the first kernel size.

Weight Decay: The decay of kernel weights is crucial for the model to capture long-sequence features.
Specifically, the magnitude of the values in the convolution kernel should decay so that more important
parts are assigned to the nearer time intervals. This allows the model to focus more on local features and
reduces disturbances caused by long sequences. The initialization of a kernel parameter in SGConv is:

k; = a'Upsamplegmaspi—1.0/4(w;) (17)

where « is the decay coeflicient, usually chosen to be % Therefore, when the sequence length is fixed, we
can control the S4 kernel K by first kernel size d. The kernel weights & initialized by different d are shown
in Figure [6]

We recognized that the kernel size setting might have an impact on our model’s results. Therefore, in the
ablation experiments, we set different values of d to investigate the effect of kernel size on model performance.
Table. [C] and Table. [C]show the experimental results on MIMIC II dataset and VTaC dataset. Overall,
smaller values of d lead to better performance, which is consistent with our hypothesis. Even under the
extreme condition of d = 2, the model outperforms those using larger kernels. Additionally, we also present
the parameter counts for different d values. Thanks to SGConv’s efficient parameterization, smaller d values
correspond to fewer parameters. Thus, using SGConv not only improves model performance but also reduces
computational cost. Based on the above results, we believe that in the case of globe convolutional kernels,
using decay and reducing the number of parameters can effectively help the model handle complex data.

d TPR TNR Score F1 PPV AUC Val Score Params

2 89.78 8736  80.11  82.13 74.67 95.42 82.76 18m
16 93.19 87.38 82.05 82.59 74.16 95.66 82.80 24m
64 9124 8330 77.84 7827 68.36 94.20 82.01 36m
128 88.08 8348 74.68 T76.73 67.73 92.86 79.06 48m
512 85.11 85.86 73.27 7177 7039 93.16 76.46 96m

Table 10: Results of SL-S4Wave models with different kernel sizes on the VTac dataset. We reported the
average of 5 experiments. The best result is highlighted in bold.

D Implement details of SL-S4Wave and Baselines
SL-S4Wave Implementation details Our model training consists of two stages: pre-training and fine-

tuning, executed on NVIDIA-V100 GPUs. During the pre-training phase, we employed a learning rate of
0.00001, an Adam weight decay of 0.005, a batch size of 32, and trained for a maximum of 50 epochs. We
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Figure 6: Visualization of the initial weights for different kernel sizes d. The values in the convolution kernel
exhibit a decaying behavior. In addition, as d decreases, the number of parameters in the model also reduces.
This efficient kernel weight design can save a significant amount of computational cost.

d TPR TNR Score F1 PPV AUC Val Score Params

2 94.40 50.47 65.21 77.59 65.75 86.05 71.52 18m
16 93.62 4495 61.52 7553 63.23 83.25 70.55 24m
64 94.61 4194 61.78 75.07 62.09 8195 70.44 36m
128 9397 4186 60.71 7473 61.90 80.86 70.16 48m
512 9199 47.24 60.08 7534 63.66 82.70 70.64 96m

Table 11: Results of SL-S4Wave models with different kernel sizes on the MIMIC dataset. We reported the
average of 5 experiments. The best result is highlighted in bold.

also utilized 4 residual layers, with s4 lmax set to 1250, s4 d state set to 2 (for Physionet Challenge 2015
dataset in table s4 d state set to 64), and dropout rate at 0. We use the data from 10 seconds before the
alarm and from 20 to 30 seconds before the alarm for pre-training. In the fine-tuning phase, we retained the
learning rate but reduced the Adam weight decay to 0.0001 and the batch size to 16, while training for a
maximum of 50 epochs. We calculate evaluation metrics from models which has the best score in validation
set.
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Baseline Implementation details We detail the hyperparameters and model structures of the baseline
methods we used in the following:

FCN: For the FCN model, we adopted a three-layer architecture. The hyperparameters were set as follows:
learning rate at 0.0001, batch size at 64, and a maximum of 200 epochs for training. The Adam optimizer
was used with a weight decay of 0.0001. The weight decay is 0.0001 and loss weight is 4 in the MIMIC II
and VTaC dataset, respectively. All experiments were conducted on an NVIDIA-V100 GPU.

SimCLR: For SimCLR, We used the implementation by Dani Kiyasseh, which is available on CLOCS
GitHubEl During the pre-training process, we use a learning rate of 0.0001 and weight decay of 0.0005, with
a batch size of 128, and train for 50 epochs. During the fine-tuning process, we use a learning rate of 0.0001
and weight decay of 0.005, with a batch size of 32, and Loss weight set to 4. We train for 100 epochs to
slightly overfit it. All experiments were conducted on an NVIDIA-V100 GPU.

CLOCS (CMSC): For the CLOC model, we utilized the Contrastive Multi-segment Coding (CMSC)
variant, because it performed the best in the original paper. During the pre-training process, we use a
learning rate of 0.0001 and weight decay of 0.0005, with a batch size of 128, and train for 50 epochs. During
the fine-tuning process, we use a learning rate of 0.0001 and weight decay of 0.005, with a batch size of 32,
and Loss weight set to 4. We train for 100 epochs to slightly overfit it. All experiments were conducted on
an NVIDIA-V100 GPU.

TS-TCC: For the TS-TCC, We used the backbone network from the original paper, which is a variant
model based on Transformer. During the pre-training process, we use a learning rate of 0.00001 and weight
decay of 0.0001, with a batch size of 32, and train for 50 epochs. During the fine-tuning process, we use a
learning rate of 0.0001 and weight decay of 0.0001, with a batch size of 32, and Loss weight set to 4. We
train for 300 epochs to slightly overfit it. All experiments were conducted on an NVIDIA-V100 GPU.

TF-C: For the TF-C, We used the backbone network from the original paper, which is also a variant model
based on Transformer. During the pre-training process, we use a learning rate of 0.00001 and weight decay
of 0.0005, with a batch size of 32, and train for 50 epochs. During the fine-tuning process, we use a learning
rate of 0.000005 and weight decay of 0.0001, with a batch size of 16, and Loss weight set to 4. We train for
300 epochs to slightly overfit it. We adopt the default settings provided by the TF-C implementation for
other settings. All experiments were conducted on an NVIDIA-V100 GPU.

TS2Vec: For the TS2Vec, During the pre-training process, we use a learning rate of 0.0001 and weight
decay of 0.0005, with a batch size of 128, and train for 20 epochs. During the fine-tuning process, we use a
learning rate of 0.0001 and weight decay of 0.0001, with a batch size of 16, and Loss weight set to 4. We train
for 40 epochs to slightly overfit it. We adopt the default settings provided by the TS2vec implementation
for other settings. All experiments were conducted on an NVIDIA-V100 GPU.

E Data Preprocessing

For all datasets, each waveform recording contains six minutes of multi-channel physiological waveforms,
with the arrhythmia alarm onset at the end of the five minute.

MIMIC II Arrhythmia dataset.E| The dataset consists of 6 minutes of data sampled at 125Hz, and
we use the data from the 10 seconds interval prior to the alarm onset. The MIMIC II dataset includes 8
electrocardiogram (ECG) leads, namely 'I’, "IT’, "III, "V’, ’aVF’, "aVL’, ’aVR’, and 'MCL1’, as well as data
from three channels: ABP (Arterial Blood Pressure), PAP (Pulmonary Artery Pressure), and CVP (Central
Venous Pressure). MIMIC II-VT is a subset of the MIMIC II Arrhythmia dataset, containing only samples
related to VT.

Ventricular Tachycardia annotated alarms from ICUs (VTaC) dataset. [f] The Ventricular Tachy-
cardia annotated alarms from ICUs (VTaC) dataset contains a total of 6 minutes of data, sampled at 250Hz.

2https://github.com/danikiyasseh/CLOCS
Shttps://archive.physionet.org/mimic2/
4https://physionet.org/content /vtac/1.0/
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We downsampled the original data to 125Hz and similarly used the data from 10 seconds prior to the alarm
onset. This dataset consists of data from 2 ECG channels, ABP, and PPG.

PhysioNet Challenge 201@ The PhysioNet Challenge 2015 dataset contains data of varying lengths from
5 minutes to 6 minutes, sampled at 250Hz. We downsampled the original data to 125Hz and similarly used
data from the last 10 seconds interval prior to the alarm onset. In addition to electrocardiogram (ECG)
data, this dataset includes ABP (Arterial Blood Pressure) and PPG information. The dataset also covers 5
different types of cardiac arrhythmia alarms, namely: Asystole, Extreme Bradycardia, Extreme Tachycardia,
Ventricular Tachycardia, and Ventricular Flutter /Fibrillation.

VTaC  MIMIC II-VT  Challenge’15

N of samples 5037 2802 750
% True 28.60% 50.71% 38.93%
Arrhythmia Alarm Types 1 1 5
Multi-vendor Y N Y
ECG (% events) 100% 100% 100%
ABP (% events) 37% 94% 54%
PLETH (% events) 94% 0% 83%

Table 12: Overview of three datasets we used in the experiment part.

The overview of each dataset is shown in Table In constructing the pre-train dataset, we extracted
unlabeled waveform data corresponding to 17,640 VT alarm events from 1,949 patient records without any
expert annotations in VTaC dataset. Regarding the fine-tuning task, an 8:1:1 split was applied to the
Federated labeled data for training, validation, and testing respectively. For the MIMIC II-VT dataset, an
8:2 split was used for training and testing, and within the training set, an 8:2 ratio was applied to create
the training and validation sets. For the PhysioNet Challenge 2015 dataset, we used the same partitioning
method as the MIMIC IT dataset. The number of different arrhythmia dataset in the PhysioNet Challenge
2015 dataset and MIMIC IT Arrhythmia dataset. are shown in Table [L3|and Table

Alarm types FALSE TRUE
ASY 100 20
EBR 45 45
ETC 8 131
VTA 253 90
VFB 52 6
Total 458 292

Table 13: Detailed distribution of various alarms in the Challenge 2015 dataset. ASY, EBR, ETC, VTA
and VFB represent Asystole, Extreme Bradycardia, Extreme Tachycardia, Ventricular Tachycardia, and
Ventricular Flutter/Fibrillation.

Given that each dataset contains different channels, we processed them to have two ECG channels, one ABP
(Arterial Blood Pressure) channel, and one PPG (PLETH) channel. For the ECG channels, we processed
them according the priority which is shown in Table

Due to the different value ranges of different channels, for instance, ECG channels often fall between [-2,2],
while ABP channels are between [40,180], we need to process the data to enable deep learning models to
perform gradient descent effectively. For the three datasets, we utilized min-max normalization to process
the data. Specifically, for each record’s channel data, we scaled it to the [0,1] range using its maximum and
minimum values:

Shttps://physionet.org/content /challenge-2015/1.0.0/
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Alarm Types

True Alarms False Alarms

Total Number

Tachycardia 2262 611 2873
Bradycardia 602 356 958
Asystole 62 882 944
Ventricular Tachycardia 1415 1353 2768
Ventricular Flutter/Fibrillation 140 327 467
Total Number 4481 3529 8010

Table 14: Detailed distribution of various alarms in theMIMIC IT Arrhythmia dataset.

t; — min(¢)
~ max(t) — min(t)

(18)

where t,, denotes normalized channel values, t; denotes the each values in the channel. max(t) and min(¢)
represent the maximum and minimum values of that channel, respectively.

ECG 1 | ['II, T, aVL)]

['V’, ’aVR’, "III’, "aVF’, "MCL,
ECG 2

VI, V2, V3, VA V6
PLETH | [PLETH’]
ABP ABP|

Table 15: The channel classifications. The higher the priority, the closer to the front.

F Data Augmentation

For the unlabeled sub-dataset of VTaC, we used the same noise reduction method as described in the VTaC
paper [Lehman et al| (2024). For ECG, we perform the following filtering: 1) a high-pass filter with 1-Hz
cutoff frequency to suppress residual baseline wander; 2) a second-order 30 Hz Butterworth low-pass filter
to reduce high frequency noise; and 3) a notch filter to eliminate power line interference. For PPG signal,
we utilize a high-pass filter with a stopband frequency of 0.3 Hz and a passband frequency of 0.5 Hz, along
with a low-pass filter with a passband frequency of 5 Hz and a stopband frequency of 8 Hz. Figure [7] shows
an example of using a filter to eliminate high-frequency noise.

Original ECG

After filter

1.0

0.5

Amplitude

Amplitude

-6 -4
Time Relative to Alarm(s)

(a) Original Waveform

-6 -4
Time Relative to Alarm(s)

(b) After filtering

Figure 7: An example of using the filter, the filter eliminates high-frequency noise present in the data.
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G Example ECG Waveforms Prior to Arrhythmia Alarm Onsets

G.1 True and False Alarm Examples

False alarms in the ICU are commonly triggered by factors like noise, patient movement, lead dislodgement,
or incorrect ECG feature recognition by monitoring devices. Bedside monitors may also mistakenly identify
different arrhythmia alarms as a specific type of arrhythmia syndrome. Typically, a bedside monitor will
sound an alarm within 10 seconds of a severe arrhythmia event. For example, Figure [§]illustrates both a true
and false alarm scenario for Ventricular Tachycardia. In this case, the false alarm occurs when the bedside
monitor confuses atrial fibrillation with ventricular tachycardia.

| AAAAAIMIMNA - L L LU
NN AN [\ ] 2] A [

-10 -8 -6 -4 -2 -10 -8 -6 -4 -2
Time Relative to Alarm(s) Time Relative to Alarm(s)

PLETH
PLETH

P
P

(a) True VT alarm (b) False VT alarm

Figure 8: Example true vs. false VT alarms. Each plot shows data in the 10-second interval immediately
prior to the VT alarm onset. The alarm onset is marked with a vertical red-line at time 0. Figure (b) shows
an example false VT alarm — the event corresponds to an episode of atrial fibrillation with rate-related
aberration instead of a ventricular tachycardia.

G.2 Premonition Example: Abnormal Precursor Prior to Alarm Onset

We illustrate in Figure [0 an example where an abnormal waveform pattern appears before the 10-second
window immediately preceding the alarm onset. This observation motivates the use of longer temporal
segments to improve false alarm classification performance.

The figure shows a real ventricular tachycardia (VT) event. The red dashed line at time ¢ = 0 marks the
alarm trigger, which is configured to signal a VT event within the preceding 10 seconds (delimited by the
black dashed line). The waveform corresponding to the VT episode is highlighted in a red box. The VT
begins approximately at t = —4 s, lasts for about 3 s, and then returns to a normal rhythm. Notably, around
t = —15 s, a short arrhythmic episode can be observed (indicated by the black box). Although this segment
does not satisfy the clinical definition of VT—typically requiring at least five consecutive ventricular beats
with a heart rate exceeding 100 bpm—it exhibits an early ventricular ectopic activity, suggesting a potential
precursor to the subsequent VT event.
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Figure 9: An example of abnormal precursor prior to VT alarm onset. Abnormal waveform pattern appears
before the 10-second window immediately preceding the alarm onset.
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