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Abstract

Effective tokenization is a critical barrier to bridging continuous electrocardiogram
(ECG) signals and discrete language models for automated report generation. We
introduce a novel ECG tokenizer based on an adaptive residual vector quantiza-
tion framework, QINCo, that learns a high-fidelity, discrete representation of raw
12-lead signals. The clinical utility of these tokens is demonstrated through a down-
stream classification task, where their frozen embeddings achieve performance
comparable to specialized supervised and self-supervised methods. Leveraging this
tokenizer with an attention-based adapter, our approach to report generation outper-
forms byte-level tokenizer baselines and establishes a benchmark on a large-scale
clinical dataset. Our work presents an effective and computationally efficient tok-
enization framework, enabling a more powerful integration of complex biosignals
into generative models for clinical applications.

1 Introduction

Electrocardiography (ECG) is the most frequently performed non-invasive diagnostic tool in car-
diology, renowned for its accuracy in detecting a broad range of cardiovascular diseases [1]. The
increasing volume of ECG recordings, coupled with the limitations of manual analysis which de-
mand considerable expertise of at least four years of medical training and six years of cardiology
training and can be prone to variability and error rates reaching 25 percent [2], highlights the need
for accurate, automated clinical report generation. Artificial intelligence (AI) has been shown to
outperform cardiologists in ECG interpretation [3]; however, most existing ECG-AI algorithms are
limited to classification tasks and fail to capture the full variability of clinical reports. To address this,
Large Language Models (LLMs) could be used for report generation, however effective methods for
representing raw ECG signals in a discrete, tokenized format are essential in order to do so.

Our work focuses on exploring tokenization methods to convert continuous ECG signals into discrete
tokens. By learning meaningful discrete representations directly from raw ECG data, we aim to
bridge the gap between complex waveform patterns and automated LLM applications such as clinical
report generation and decision support in diagnostic assistance.

Tokenization converts complex data into discrete units, facilitating alignment of continuous signals
with LLMs. In language, sentences are tokenized into discrete units enabling efficient processing by
LLMs. In the audio domain, tokenization has revolutionized tasks such as speech recognition and
synthesis, allowing for the representation of continuous audio waveforms as sequences of continuous
or discrete acoustic tokens [4, 5] leading to the development of multi-modal LLMs [6]. Similarly, in
the physiological signals space including ECG, EEG, EHR, there have been works aligning continuous
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representations with LLMs [7, 8, 9, 10]. If we specifically focus on ECG, the literature exploring
discrete tokenization remains limited. A recent work ECGByte [11] explored byte-pair encoding for
tokenizing ECG signals by taking inspiration from how tokenization is done in LLMs [12]. We draw
inspiration from audio codecs [13, 14] and use vector quantization (VQ) [15], specifically QINCo
[16] to tokenize ECG signals. QINCo has an adaptive residual quantization nature which would
dynamically tailor its codebooks at each training epoch in order to capture the subtle and time-varying
patterns present in ECG data.

2 Methods

2.1 Data

The development and evaluation of our models were conducted using two large-scale clinical ECG
datasets: the public MIMIC-IV-ECG [17] database with 551,306 ECGs, and the Montreal Heart
Institute (MHI) dataset with 1,453,937 ECGs, previously used in the work of [18]. To augment the
initial pretraining of our ECG tokenizer, we also incorporated the unlabeled CODE-15 dataset, which
comprises 345,779 ECGs. The MIMIC-IV-ECG dataset consists of 10-second, 12-lead ECGs sampled
at 500Hz. The MHI dataset contains recordings with the same duration and lead configuration but
sampled at 250Hz; for this cohort, we exclusively selected ECGs with clinician-verified reports to
ensure a high standard of ground truth. Both datasets were partitioned into training and testing sets
using an 80:20 ratio. This partitioning was performed at a patient level to prevent data leakage and
was stratified across 77 clinical condition labels to ensure a balanced diagnostic distribution.

Preprocessing To standardize the MIMIC-IV and CODE-15 datasets against the MHI reference,
we applied a multi-stage preprocessing pipeline to each recording. First, all the ECGs were resampled
to 250Hz. Then, to correct for baseline wander, a zero-phase 1 Hz high-pass filter was applied only
if the spectral energy below 1 Hz exceeded that of the 1–30 Hz band by more than tenfold. Next,
narrowband powerline noise at 50/60 Hz and their harmonics were suppressed by identifying spectral
peaks that exceeded the local mean by over two standard deviations and flattening them with a LOESS
fit. Finally, all signal amplitudes were rescaled to millivolts (mV) to match the dynamic range of the
MHI dataset, ensuring harmonized units and spectral properties across all cohorts.

Clinical Labels Following the methodology of [18], we established a multi-label ground truth of
77 diagnostic labels. These labels span six clinical categories, namely, Rhythm Disorder, Conduction
Disorder, Chamber Enlargement, Pericarditis, Infarction or Ischemia, and Other, in accordance
with American Heart Association recommendations [19]. The label set was created by two expert
cardiologists, each with over four years of experience, who independently annotated a curated subset
of 10,075 reports from the MHI, MIMIC-IV, and UK BioBank datasets to ensure comprehensive
coverage. Any of the 77 conditions were marked as present if observed within the 10-second ECG
recording. The high reliability of this process was validated through an inter-rater variability analysis,
which yielded Cohen’s kappa coefficients exceeding 0.80 across all diagnostic categories.

2.2 ECG Tokenization

The foundation of this method is to convert continuous 12-Lead ECG signals into a sequence of
discrete tokens. For this task, we employ QINCo, a state-of-the-art residual vector quantization
(RVQ) method. This approach is distinguished by its ability to dynamically generate codebooks
using neural networks, enabling an adaptive and efficient quantization process tailored to the intricate
patterns of ECG data. Our tokenizer is an autoencoder-style network where the bottleneck contains
the quantization module which we discuss below.

Encoder The encoder serves as a feature extractor, mapping a raw 12-lead ECG signal into a
sequence of lower-dimensional continuous vectors. It consists of a deep convolutional neural network
with subsequent sequential blocks employing residual connections. Each block systematically
reduces the temporal resolution via strided convolutions and max-pooling while expanding the feature
representation by increasing the channel depth.
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Quantizer Our model's core discretization module transforms the continuous latent vectorszt 2
RD from the encoder into discrete tokens using anL-stage RVQ scheme. A fundamental limitation of
standard RVQ is its reliance on static codebooks, which are suboptimal for the evolving residual error
across stages. To overcome this, we employ the QINCo paradigm, where each codebook is generated
dynamically. At each stagel, a dedicated neural networkf � l takes the partial reconstruction from the
previous stage,̂z( l � 1)

t , and a set of base centroids to produce a context-aware codebook. The index of
the nearest codeword,s( l )

t = argmin k jj r ( l )
t � c( l )

k jj2, is then selected to represent the current residual.

Decoder The reconstruction of the quantized latent vector,ezt , is performed iteratively, a direct
consequence of the QINCo framework's conditional nature. Since the generation of an adaptive
codewordcl

s( l )
t

at the stagel depends on the previous partial reconstructionẑ( l � 1)
t , the vector is

progressively synthesized using the update rule:ẑ( l )
t = ẑt( l � 1) + c( l )

s( l )
t

. The �nal synthesized vector,

ẑt := ẑ(L )
t , is then passed to a signal decoder composed of transposed convolutional layers, which

upsamples the representation to reconstruct the �nal ECG signalx̂.

Learning Objective The tokenizer is trained end-to-end by minimizing a composite loss function:
L = L rec + � L commit . The primary component,L rec , is the Mean Absolute Error (L1 loss) between
the original signalx and its reconstruction̂x, ensuring high-�delity tokenization. The auxiliary term,
L commit , is a commitment loss that regularizes the encoder by minimizing the squared Euclidean
distance between its outputE(x t ) and the chosen codewordc( l )

s( l )
t

. A stop-gradient operator (sg) is

applied to the codeword, as shown injjE (x t ) � sg(c( l )

s( l )
t

)jj2
2, to ensure that gradients from this loss

only update the encoder. This joint optimization learns discrete tokens that are both informative for
reconstruction and arise from a stable latent space.

Figure 1:Overview of the Proposed Methodology.The left panel illustrates the tokenizer pre-
training and validation: (1a) a QINCo-based model converts a raw ECG into embeddings, which are
(1b) trained via a signal reconstruction objective. (2) The frozen embeddings are then used to train a
classi�er for intrinsic validation. Theright panel details the LLM �ne-tuning for report generation:
(3) the frozen ECG embeddings are aligned with text tokens via a trainable attention adapter, and (4)
the combined representation is used to �ne-tune the LLM.

2.3 Report Generation

The primary application of our ECG tokenization method is its integration into a system for automated
clinical report generation. The objective of this task is to translate the information encoded in our
discrete ECG representations into �uent and clinically accurate diagnostic text. To this end, we
�ne-tune pre-trained LLMs using a multimodal architecture. The subsequent sections describe this
architecture and the corresponding �ne-tuning methodology.

Attention-Based ECG Adapter To align our ECG representations with the LLM's embedding
space, we introduce a trainable adapter module. This adapter's function is to map the sequence of
quantized ECG vectors,Zecg = ( ẑ1; ẑ2; : : : ; ẑT ), to a �xed-size context vector,cecg 2 RD llm , where
D llm is the decoder-only LLM's embedding dimension. The transformation begins by projecting
the input sequence to an intermediate dimension and adding learnable positional embeddings. This
sequence is then contextualized using a multi-head self-attention layer with a residual connection.
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