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Abstract

Electrocardiography (ECG) plays a central role in cardiovas-
cular diagnostics, yet existing automated approaches often
struggle to generalize across clinical tasks and offer limited
support for open-ended reasoning. We present HeartLLM,
a novel framework that integrates time-series (TS) and lan-
guage modeling by enabling large language models (LLMs)
to process 12-lead ECG signals for clinical text generation
tasks. Our approach discretizes continuous ECG embeddings
into quantized codes using a lead-wise encoder and quanti-
zation module. These quantized codes are then mapped to
an extended ECG vocabulary to form ECG tokens, enabling
the model to process both ECG and natural language inputs
within a unified framework. To bridge the modality gap, we
pretrain the model on an autoregressive ECG token forecast-
ing task, allowing the LLM to capture temporal dynamics
through its inherent language modeling capability. Finally,
we perform instruction tuning on both ECG question answer-
ing and diagnostic report generation. Without modifying the
core model, HeartLLM achieves strong performance across
tasks while maintaining generalization to out-of-distribution
settings. Extensive experiments demonstrate the effectiveness
of each component and highlight the potential of integrating
discretized ECG tokens into LLMs for medical reasoning.

Code — https://github.com/yangjinning/HeartLLM

Introduction
Cardiovascular diseases (CVDs) are the leading cause of
mortality and morbidity worldwide (Di Cesare et al. 2023),
and electrocardiography (ECG) remains a fundamental tool
for early diagnosis and monitoring. With the increasing
volume and complexity of ECG data in clinical settings,
computer-aided interpretation has become an essential sup-
plement to clinical expertise. Recent advances in deep learn-
ing have significantly improved performance in clinical de-
cision support and ECG classification tasks (Ge et al. 2024;
Xue et al. 2023a; Guhdar, Mohammed, and Mstafa 2025;
Na et al. 2024a; Nejedly et al. 2021; Oh et al. 2022; Xue
et al. 2023b), surpassing traditional signal-processing-based
pipelines (Chen et al. 2022a). However, most existing mod-
els are tailored to closed-set classification and rely heavily

*Corresponding author
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

(a) TEST (b) TIMELLM

(c) CLIP (d) HeartLLM (Ours)

Figure 1: UMAP visualizations of ECG and text embed-
ding distributions across different models. (a-b) TEST
and TIMELLM exhibit clear modality separation. (c) CLIP
shows partially aligned clusters, but still fragmented modal-
ity boundaries. (d) HeartLLM aligns all ECG representa-
tions with text in a shared semantic space, indicating effec-
tive modality unification without explicit contrastive pairing.

on supervised training. When confronted with new diagnos-
tic categories or unseen clinical tasks, they require exten-
sive retraining with labeled data, limiting their scalability
and adaptability. Moreover, these models are typically de-
signed for narrow classification objectives and cannot sup-
port more flexible reasoning tasks such as open-ended ques-
tion answering or narrative report generation.

In parallel, large language models (LLMs) have demon-
strated impressive generalization in vision-language do-
mains (Alayrac et al. 2022; Huang et al. 2023), prompt-
ing efforts to extend such capabilities to physiological TS
data like electrocardiograms (ECGs). However, this exten-
sion poses unique challenges: unlike symbolic and semanti-
cally structured text, ECG signals are continuous, noisy, and
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lack explicit semantic boundaries. These fundamental dif-
ferences complicate the integration of ECG and text into a
unified representation space. Recent studies have explored
multimodal LLMs for clinical applications, including ECG-
based question answering (Liu et al. 2024a; Zhao et al.
2024) and report generation (Wan et al. 2024). Most adopt
a two-stage paradigm where an ECG encoder produces con-
tinuous representations that are subsequently consumed by
a language model. However, this design suffers from two
major limitations. First, the modality gap between contin-
uous ECG embeddings and discrete textual semantics re-
mains underexplored. Prior alignment strategies in time se-
ries–language modeling (Jin et al. 2024; Sun et al. 2024)
or contrastive learning in vision–language settings (Rad-
ford et al. 2021) often fail to achieve consistent cross-modal
alignment. These limitations, when directly applied to ECG,
result in either overly clear or fragmented modality bound-
aries, as illustrated in Figure 1. Second, ECG signals ex-
hibit high redundancy due to waveform repetition and sta-
ble low-variance segments. Directly feeding such continu-
ous features into LLMs can lead to overfitting and reduced
generalization to rare or subtle signal variations. These chal-
lenges highlight the need for a more structured and symbolic
interface between ECG signals and language models.

To address the challenges of bridging physiological sig-
nals and language models, we introduce HeartLLM, a uni-
fied framework that enables LLMs to reason over ECG sig-
nals in an open-ended, instruction-driven manner. Instead of
relying on paired ECG–text supervision or complex cross-
modal alignment losses, HeartLLM represents ECGs as dis-
crete symbolic tokens, naturally compatible with the LLM’s
vocabulary.

Our method is built on three core contributions: First, we
design a lead-wise encoder that processes each ECG lead
independently using an identical encoder built from tem-
poral inception enhancement blocks. This architecture cap-
tures waveform-specific temporal patterns while avoiding
inter-lead interference, resulting in precise and interpretable
representations. Second, we introduce a discretization-
based ECG tokenizer that converts continuous encoder
outputs into symbolic tokens via a fixed-scale quantizer
(FSQ) (Mentzer et al. 2023). These tokens are optimized
through autoregressive pretraining and embedded in a shared
space with language, enabling seamless integration with
LLMs without contrastive learning or paired ECG-text data.
Third, we apply lightweight instruction tuning for ECG
report generation and question answering. By updating only
low-rank modules and prompting with structured clinical in-
puts, our method achieves strong zero-shot generalization
across tasks and datasets with minimal supervision.

HeartLLM is evaluated on two ECG understanding
benchmarks: question answering and diagnostic report gen-
eration. It achieves state-of-the-art performance across mul-
tiple datasets and exhibits strong zero-shot generalization.
Further analysis confirms the contribution of each design
component, and visualizations illustrate interpretable atten-
tion over clinically meaningful waveform regions.

Related Work
Cross-modal ECG Text Generation Recent work has be-
gun to explore the integration of LLMs into ECG interpre-
tation tasks, particularly for open-ended question answer-
ing and diagnostic report generation. ECG-ReGen (Tang
et al. 2025) adopts a retrieval-augmented framework that
identifies similar historical cases to assist report genera-
tion in a zero-shot setting. PULSE (Liu et al. 2024a) con-
structs an instruction-tuning dataset based on ECG images,
enabling the fine-tuning of image-text multimodal models.
MEIT (Wan et al. 2024) introduces TS embeddings di-
rectly into the LLM’s attention layers to bridge modality
differences, while (Tang et al. 2024) treats ECG features as
soft prompts and applies meta-learning for rapid adaptation
to new tasks. Despite these advances, most existing meth-
ods depend on paired ECG–text data to supervise modal-
ity alignment, which requires costly annotation and con-
strains applicability. In contrast, our approach aligns ECG
and language representations through token-level pretrain-
ing, avoiding the need for paired supervision while main-
taining flexibility across tasks.

LLMs for Time Series Tasks Large language models
have been increasingly applied to TS tasks, typically via
two main directions. One leverages LLMs to extract tex-
tual features to guide TS modeling (Wang et al. 2024a; Liu
et al. 2025b,a). The other treats LLMs as core TS processors,
mainly via two paradigms. The TS-as-text approach (Wang
et al. 2025; Ansari et al. 2024; Wang et al. 2024b; Gru-
ver et al. 2023) tokenizes numerical sequences into text for
direct input into LLMs, but suffers from length and atten-
tion complexity limitations. The TS-embedding-based ap-
proach instead encodes signals into continuous embeddings
and feeds them into frozen LLMs, often using prompt tun-
ing (Zhou et al. 2023; Liu et al. 2024c). Some recent work
aligns TS embeddings with language semantics, such as
S2IP (Pan et al. 2024), TEST (Sun et al. 2024), and TIME-
LLM (Jin et al. 2024), through contrastive or reprogramming
strategies. Others like VITRO (Bellos, Nguyen, and Corso
2025) and UniTime (Liu et al. 2024b) propose task-specific
vocabularies or reconstruction pretraining. However, most
focus on forecasting or classification, with limited support
for open-ended language tasks grounded in physiological
signals. In contrast, our method discretizes ECG features
into symbolic tokens, enabling autoregressive pretraining
and unified ECG-text processing for clinical QA and report
generation.

Problem Statement
Given a collection of 12-lead ECG signals X = {xi}ni=1,
where each xi ∈ RL×T consists of L = 12 leads and
T = 5000 time steps , we consider two tasks: ECG ques-
tion answering (ECG-QA) and diagnostic report generation
(ECG-Report).

ECG-QA. Each signal xi is paired with a set of natural
language questions Qi = {q(k)i }mi

k=1 and corresponding an-
swers Ai = {a(k)i }mi

k=1. We consider three question types:
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Figure 2: Overview of the HEARTLLM framework. The model consists of three stages: (1) ECG Tokenizer, where 12-lead
ECG signals are encoded by 12 lead-wise encoders and discretized with FSQ into symbolic ECG tokens; (2) ECG Token
Pretraining, where an LLM is autoregressively pretrained on ECG tokens to jointly optimize the extended ECG vocabulary
and the model using teacher-forcing next-token prediction; and (3) QA/Report Tuning, where the pretrained model is adapted
to downstream tasks using lightweight LoRA tuning. Prompts include structured tabular features and textual instructions to
guide generation or question answering.

• Verify: yes/no questions, Averify = {”Yes”, ”No”}. Ex-
ample: “Does this ECG show any abnormal symptoms?
Yes.”

• Choose: select one or more from predefined options,
Achoose = {”attr1”, ”attr2”, . . . , ”none”}. Example:
“Which noise does this ECG show, static noise or base-
line drift? Baseline drift, static noise.”

• Query: open-ended, Aquery ⊆ S, where S is the space of
short free-text spans. Example: “What diagnostic symp-
toms does this ECG show? Incomplete right bundle
branch block.”

Let DQA = {(xi, q
(k)
i , a

(k)
i )}i,k denote the full set of QA

triples. The goal is to learn a model fQA : (xi, q
(k)
i ) 7→ â

(k)
i

that accurately predicts â(k)i ∈ A.

ECG-Report. In this task, the model generates a diagnos-
tic report ri for each ECG signal xi. The goal is to learn a
mapping freport : xi 7→ r̂i that produces clinically coherent
and diagnostically relevant reports.

These two tasks present complementary challenges:

ECG-QA requires precise grounding of language in signal
features across diverse question formats, while ECG-Report
demands the generation of coherent medical narratives from
high-dimensional, often noisy physiological input. Success-
fully addressing both tasks requires the model to align tem-
poral ECG patterns with linguistic representations in a flex-
ible and generalizable manner.

Methods
Overview
We propose HeartLLM, a unified framework that enables
large language models to perform open-ended clinical rea-
soning over ECG signals through symbolic representation
and lightweight adaptation.

First, we design a lead-wise encoder that captures fine-
grained temporal features independently for each ECG lead,
enhancing representation fidelity without cross-lead inter-
ference. Second, we introduce a discretization mechanism
that maps continuous features to symbolic tokens using an
FSQ, forming an ECG-specific vocabulary compatible with
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LLMs. These tokens are pretrained via autoregressive pre-
diction, naturally aligning time series and text without paired
supervision. Finally, HeartLLM is instruction-tuned on clin-
ical tasks such as ECG report generation and question an-
swering, using only LoRA modules for efficient adaptation.
An overview of the full framework is shown in Figure 2.

ECG Tokenizer
Our ECG tokenizer converts a raw 12-leads ECG signal
X ∈ RL×T into a sequence of discrete tokens suitable
for language modeling. This process includes three compo-
nents: (1) 12 lead-wise encoders that extract multi-scale TS
representations from each lead, which are then aggregated to
capture the global cross-lead context; (2) a fixed-scale quan-
tizer (FSQ) that first compresses TS representations into a
low-dimensional latent space, discretizes this latent space to
obtain quantized codes, and finally dequantizes the codes
back into the original TS representation latent space; (3) a
decoder that mirrors the encoder architecture and, with a
self-supervised reconstruction loss, ensures that the learned
tokens preserve physiological information. The quantized
codes are first converted into scalar indices, which are sub-
sequently mapped to the ECG vocabulary. This vocabulary
extends the original vocabulary of the LLM, allowing for
unified modeling of text and ECG signals.

Lead-wise Encoder. Each lead xℓ is first z-normalized
and independently encoded using a stack of convolutional
blocks. The encoder consists of two key components: an
Inception Block to capture diverse temporal patterns and a
Temporal Inception Enhancement (TIE) Block for deep con-
textual modeling.

Inception Block. The Inception Block applies multiple 1D
convolutions with kernel sizes {1, 3, 5, 7} in parallel to ex-
tract multi-scale temporal features.

Temporal Inception Enhancement (TIE) Block. The out-
puts from the Inception Block are summed and passed
through GroupNorm and a LeakyReLU activation, followed
by a residual connection to preserve information flow:

h(i) = LeakyReLU

(
GN

(∑
k

Conv1Dk(h
(i−1))

)
+ h(i−1)

)
.

TIE blocks are applied sequentially to capture long-range
signal dependencies, followed by convolutional downsam-
pling layers that progressively compress the temporal res-
olution. This hierarchical structure allows the encoder to
balance fine-grained waveform preservation with contextual
abstraction. The encoded representations from all lead-wise
encoders are concatenated along the lead dimension to form
the final latent ECG representation Z ∈ RT ′×D′

.

Fixed-Scale Quantization (FSQ). To discretize continu-
ous ECG representations, each latent ECG representation at
timestep t zt ∈ RD′

is projected into a lower-dimensional
space RD using a linear layer with parameters W ∈ RD×D′

and b ∈ RD:
zcontt = σ(Wzt + b),

where σ(·) is the sigmoid function. The quantized code is
obtained by uniformly quantizing each projected dimension
into K discrete levels:

zdisct =
1

K − 1
· round

(
zcontt · (K − 1)

)
,

with rounding applied element-wise. A straight-through es-
timator (Bengio 2013) is used to enable gradient flow
through the quantization step. The quantized code zdisct is
then projected back to the latent space of zt, yielding z′t ∈
RD′

.

Token Indexing and Vocabulary Construction. To gen-
erate symbolic ECG tokens, the quantized code zdisct is
mapped to a unique token index using positional base con-
version:

token id t =
D∑
i=1

vt,i ·Ki−1,

where vt,i = round
(
zdisct,i · (K − 1)

)
∈ {0, 1, . . . ,K − 1}.

This yields token id t ∈ {0, . . . ,KD−1}. These indices are
used to look up embedding vectors from an ECG-specific
vocabulary:

tokECG
t = ECG Vocabulary[token id t],

where ECG Vocabulary ∈ R|VECG|×dLLM and |VECG| =
KD.

Decoder and Autoencoder Objective. To ensure that dis-
cretization preserves physiologically meaningful informa-
tion, we employ a symmetric decoder mirroring the encoder
structure. It uses transposed 1D convolutions for tempo-
ral upsampling and stacked TIE blocks to reconstruct fine-
grained waveform details. The reconstruction is trained us-
ing a mean squared error loss:

X̂ = fdec(Z
′), Lrecon =

1

LT

L∑
ℓ=1

T∑
t=1

(xℓ,t − x̂ℓ,t)
2
.

ECG Tokenization for Language Modeling. The result-
ing ECG token sequence {tokECG

t }T ′

t=1 can be used as input
to a language model. ECG tokens are initialized from the
same distribution as the LLM’s text tokens. In the next stage,
we leverage these ECG token sequences for autoregressive
pretraining, using the same pretraining objective as for text
tokens. Therefore, ECG token embeddings are drawn from
the same embedding space as text tokens, the LLM can pro-
cess ECG and text in a unified fashion.

Autoregressive Pretraining on ECG Tokens
To integrate ECG signals into the language modeling frame-
work, we pretrain the model on an autoregressive fore-
casting task over discretized ECG tokens. This allows the
LLM to build temporal dependencies within ECG sequences
and learn to embed symbolic ECG tokens into its semantic
space.

Given an input ECG signal X, the tokenizer converts it
into a discrete token sequence {tokECG

t }T ′

t=1, where each
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token is embedded in the same space as textual input. Dur-
ing pretraining, a random slice of this sequence is selected
and split into a historical context and a prediction target (typ-
ically in a 9:1 ratio). The LLM is trained to autoregressively
predict the next ECG tokens from the context:

LAR =
1∑N

i=1 |Mi|

N∑
i=1

∑
t∈Mi

CE
(
LMθ(tok

ECG
i,≤t ), tokECG

i,t+1

)
,

where N is the batch size, Mi is the set of prediction steps,
LMθ(·) is the LLM output logits over the ECG vocabulary,
and CE(·, ·) is the cross-entropy loss.

Training Strategy. The pretraining data is constructed
from the MIMIC-IV-ECG database (Gow et al. 2023), yield-
ing over 1.5 million time-series slices. To enable parameter-
efficient adaptation, we fine-tune only a subset of the LLM
parameters: the ECG embedding table and output classifi-
cation head are fully updated, while the linear projections
within the transformer blocks (e.g., QKV and feedforward
layers) are adapted using low-rank LoRA modules. This
strategy allows the model to efficiently acquire ECG-specific
temporal structure while preserving the general language ca-
pabilities of the backbone model.

Instruction Tuning for Clinical Tasks
In the final stage, we fine-tune the model on downstream
clinical tasks, including ECG diagnostic report generation
and open-ended question answering. This stage enables the
pretrained model from the previous stage to align symbolic
ECG representations with textual outputs in task-specific
contexts. Following common instruction-tuning practice, the
embedding table and output classification head are frozen,
and only the linear projection layers of the LLM (e.g., QKV
and feed-forward layers) are updated with LoRA.

Each training sample is structured as a prompt that con-
catenates five components: (1) a brief dataset description
(e.g., “The dataset contains electrocardiogram (ECG) time-
series data.”), (2) a task-specific instruction (e.g., “Based on
the given ECG signal embeddings, generate an ECG diag-
nostic report.”), (3) tabular features (including patient ID,
age, sex, height, weight, recording date, nurse ID, device
ID, and recording site), (4) an optional natural language
question when the task is ECG-QA, and (5) ECG indicators
(e.g., <|start ecg|> and <|end ecg|>) that mark the
position for inserting ECG token sequences. The model is
trained to autoregressively generate either a diagnostic re-
port or an answer span, depending on the task. The super-
vision signal comes from expert-written reports or curated
answers, enabling the model to learn both structured rea-
soning and domain-specific terminology. This unified format
allows the model to flexibly handle both classification-type
questions and free-form report generation, without needing
task-specific heads or architectural changes.

Experiments
Experimental Settings
Datasets and Tasks. We evaluate our method on two
ECG-related language generation tasks: ECG-based ques-

tion answering (ECG-QA) and diagnostic report genera-
tion (ECG-Report). The ECG-QA task follows the setup
of (Tang et al. 2025), where 10,598 questions are curated
based on six types of ECG attributes—extra systole, heart
axis, signal noise, numerical indicators, SCP codes, and in-
farction stages—using recordings from PTB-XL (Wagner
et al. 2020) and MIMIC-IV-ECG (Gow et al. 2023). Only
single-ECG questions are considered. The ECG-Report task
uses the same datasets with official diagnostic reports. Each
dataset is split into training, validation, and test sets in
a 7:1:2 ratio by patient ID to prevent data leakage. For
MIMIC-IV-ECG, only ECGs without missing values are re-
tained, and one ECG is randomly selected per patient, re-
sulting in 78,358 ECGs. PTB-XL contains 21,797 ECGs.

Baselines. We compare our method with a range of TS-
Text multimodal models. These include two TS-as-text base-
lines: ChatTime (Wang et al. 2025) and LLMTIME (Gru-
ver et al. 2023), which directly feed raw numerical se-
quences into language models. We further consider five TS-
embedding-based methods: TIME-LLM (Jin et al. 2024),
TEST (Sun et al. 2024), MEIT (Wan et al. 2024), and
LLaVA (Liu et al. 2023) with either ST-MEM (Na et al.
2024b) or W2V-SMSC-RLM (Oh et al. 2022) as the ECG
encoder. In addition, we include two strong multimodal
baselines specific to ECG-QA: Fusion Transformer (Oh
et al. 2023) and M3AE (Chen et al. 2022b). Note that Fu-
sion Transformer and M3AE do not support text generation
and are thus excluded from ECG-Report evaluation. More-
over, M3AE requires pretraining with classification labels,
which are not available in MIMIC-IV-ECG.

Evaluation Metrics. We use exact match accuracy (EM
ACC) to evaluate ECG-QA (Tang et al. 2025). For ECG-
Report, standard text generation metrics are reported, in-
cluding BLEU (Papineni et al. 2002), METEOR (Banerjee
and Lavie 2005), and ROUGE-F1 (Lin 2004).

Implementation Details. All models based on large lan-
guage models use LLaMA-3.2-3B as the default backbone,
except ChatTime, which is built on LLaMA-2-7B. For meth-
ods involving LLM tuning, we apply 4-bit quantization with
LoRA. LoRA rank is set to 64 with a scaling factor of 16.
Models are trained for one epoch with a constant learning
rate of 1e-4 and a batch size of 10. For ECG discretization,
the number of discrete levels is set to K = 6 and the dimen-
sion of the quantized code to D = 4, resulting in an ECG
vocabulary of 1296 unique tokens. All experiments are con-
ducted on one A100 GPU.

Main Results
Comparison with SOTA Table 1 summarizes the perfor-
mance of HeartLLM and various baselines across ECG-QA
and ECG-Report tasks on the MIMIC-IV-ECG and PTB-
XL datasets. For ECG-QA, our model consistently achieves
the highest exact match accuracy on both datasets, reach-
ing 56.63 on MIMIC-IV-ECG and 54.98 on PTB-XL, with
significant margins especially in the Query setting, which
poses the greatest semantic challenge. This indicates that
HeartLLM can more effectively capture and interpret the
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Dataset Task Metric Models

Ours TIMELLM TEST MEIT STMEM
W2V-

CMSC-
RLM

LLMTIME ChatTime Fusion
Trans. M3AE

M
IM

IC
-

IV
-E

C
G QA-Verify EM ACC 78.12 66.00 67.86 67.69 69.73 71.57 69.97 68.78 72.91 –

QA-Choose EM ACC 69.73 28.86 41.21 50.18 49.39 65.80 55.77 52.37 64.38 –
QA-Query EM ACC 22.05 3.24 8.65 6.67 8.22 15.24 8.16 6.26 14.35 –

QA-Average EM ACC 56.63 32.70 39.24 41.51 42.45 50.87 44.63 42.47 50.55 –

PT
B

-X
L QA-Verify EM ACC 72.66 67.46 66.43 65.34 68.70 71.48 67.96 67.65 64.27 67.73

QA-Choose EM ACC 59.74 29.42 47.25 48.06 46.61 58.66 45.89 43.19 50.95 31.15
QA-Query EM ACC 32.55 9.24 23.58 14.89 22.62 31.57 20.15 18.98 25.30 22.71

QA-Average EM ACC 54.98 35.37 45.75 42.76 45.98 53.90 44.67 43.27 46.84 40.53

M
IM

IC
-I

V-
E

C
G

Report

BLEU-1 44.99 14.49 28.40 27.20 24.89 35.89 28.92 26.29 – –
BLEU-2 37.61 7.68 19.50 18.78 15.92 28.00 19.71 16.92 – –
BLEU-3 33.59 5.69 15.51 14.73 12.73 24.14 15.84 12.98 – –
BLEU-4 29.74 3.52 12.24 11.23 9.83 20.60 12.27 9.62 – –

METEOR 46.99 15.20 28.76 31.45 25.26 37.33 29.15 26.86 – –
ROUGE-1 58.67 26.57 41.85 39.42 36.43 49.06 41.81 37.96 – –
ROUGE-2 45.41 11.86 25.68 23.72 20.45 35.02 25.50 21.79 – –
ROUGE-L 58.63 26.39 41.82 39.41 36.40 49.04 41.77 37.92 – –

PT
B

-X
L

Report

BLEU-1 49.61 21.03 32.37 17.82 38.07 47.65 22.18 21.38 – –
BLEU-2 43.35 13.02 25.42 12.27 31.86 40.98 16.12 15.75 – –
BLEU-3 37.50 5.75 20.74 8.54 25.86 34.87 13.28 12.98 – –
BLEU-4 33.60 4.22 17.83 6.17 22.20 30.92 12.03 11.82 – –

METEOR 53.90 23.94 34.14 25.14 41.11 53.33 23.64 23.12 – –
ROUGE-1 59.53 38.74 47.27 34.94 49.39 57.08 38.35 37.58 – –
ROUGE-2 45.12 18.24 31.68 19.58 34.20 42.31 23.37 22.86 – –
ROUGE-L 59.24 38.69 47.01 34.81 49.30 56.72 38.29 37.56 – –

Table 1: Evaluation results on ECG question answering and diagnostic report generation tasks. All metrics are reported as
percentages (%), where higher values indicate better performance. For each dataset, the best-performing result in each task is
highlighted in bold, while the second-best is underlined.

clinical semantics of ECG signals compared to both TS-
as-text and embedding-based LLM methods. In the ECG-
Report task, HeartLLM also obtains the best results across
all evaluation metrics. On PTB-XL, it achieves a BLEU-
4 score of 33.60, METEOR of 53.90, and ROUGE-L of
59.24, outperforming competitive models like TIME-LLM
and LLaVA+W2V-CMSC-RLM. Our method also achieves
strong performance on MIMIC-IV-ECG in a zero-shot set-
ting, indicating robust generalization across datasets. These
results validate the advantage of our discretization-based
representation and token-level alignment between TS and
language modalities.

Ablation Study
We conduct ablations on PTB-XL to isolate the effects of
three core components in HEARTLLM. Results are shown
in Figure 3. Removing the discretization module (w/o DISC)
causes consistent drops across all tasks, suggesting that
symbolic ECG tokens are more compatible with LLMs
than continuous embeddings. Without fine-tuning the LLM
(w/o FT), performance notably declines—especially on QA-
Choose—indicating that LoRA-based adaptation helps the
model capture task-specific semantics. Excluding tabular
features in the prompt (w/o TAB) slightly weakens gener-
ation and QA-Verify, reflecting their complementary role
in providing patient context. Together, these results con-
firm that each component contributes meaningfully to down-
stream performance.

Analysis
Effectiveness of Our Encoder. We compare our lead-
independent ResIncept encoder with four representative al-
ternatives: MultiCNN (Oh et al. 2023), used in Fusion Trans-
former and MEIT; CausalCNN (Sun et al. 2024), the default
encoder in TEST; Unet2D, a 2D convolution-based U-Net to
extract channel-dependent features; and IndUnet1D, a struc-
ture that applies independent 1D U-Nets to each lead. As
shown in Table 2, our encoder consistently outperforms all
baselines across both datasets and all QA tasks. Notably, it
yields the largest gains on QA-Query, which requires nu-
anced reasoning over subtle waveform features. Compared
to MultiCNN and Unet2D, which either couple all leads
early, our encoder better preserves fine-grained temporal
features while maintaining lead-specific context. The im-
provement over CausalCNN suggests that fixed dilation pat-
terns are less effective than our multi-scale design for ECGs.

Evaluating Latent Alignment and Signal Reconstruc-
tion. To assess whether the model captures clinically
meaningful regions, we perform token-masking attribution:
sequentially masking each ECG token and measuring the re-
sulting drop in EM ACC to estimate its importance, which
is then mapped back onto the original ECG waveform to vi-
sualize model attention. Figure 4(a) shows that when asked
about non-diagnostic T abnormalities, the model empha-
sizes the T-wave segments. In contrast, for the myocardial
infarction query in Figure 4(b), attention shifts toward P and
QRS complexes—consistent with diagnostic criteria. This
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Dataset Task Unet2D Unet1D MultiCNN CausalCNN Ours

MIMIC-
IV-ECG

QA-Verify 75.09 76.58 73.09 75.20 78.12
QA-Choose 67.29 68.01 63.66 68.07 69.73
QA-Query 18.71 20.28 16.71 18.74 22.05

PTB-XL
QA-Verify 71.47 70.89 69.53 70.54 72.66

QA-Choose 59.49 57.02 54.38 59.08 59.74
QA-Query 29.49 31.14 29.50 29.45 32.55

Table 2: Performance comparison of different ECG encoders
on QA tasks across MIMIC-IV-ECG and PTB-XL datasets.
Each score indicates the EM ACC (%).

(a) PTB-XL Report (b) PTB-XL QA-Verify

(c) PTB-XL QA-Choose (d) PTB-XL QA-Query

Figure 3: Ablation study on the PTB-XL. (a) Report genera-
tion evaluated by BLEU, METEOR, and ROUGE. (b–d) EM
accuracy on QA-Verify, QA-Choose, and QA-Query tasks.
We compare the full model (Ours) against three variants: w/o
TAB, w/o FT, and w/o DISC.

context-dependent focus suggests that our alignment strat-
egy successfully links ECG segments with query seman-
tics. Additionally, Figure 4(c) demonstrates that discretiza-
tion acts as an implicit regularizer, suppressing overfitting to
noisy ECG segments while preserving clinically informative
waveform morphologies through accurate reconstruction.

Cross-Dataset Generalization via Discretization. To ex-
amine the robustness of our learned representations, we
evaluate zero-shot generalization by training on MIMIC-
IV-ECG and directly testing on PTB-XL. As reported in
Table 3, our method achieves the highest QA-Verify and
QA-Query scores among all baselines, and the best average
EM accuracy overall. Notably, although ST-MEM slightly
outperforms our model on QA-Choose, its QA-Query per-
formance remains weak. In contrast, our discretized token
representation provides more balanced gains across all QA

(a) (b) (c)

Figure 4: Visualization of latent alignment and signal recon-
struction. (a-b) show attention maps for clinical queries, with
shaded areas denoting high-impact segments. (c) shows re-
constructed waveforms from symbolic tokens, demonstrat-
ing that discretization suppresses noise overfitting while pre-
serving key information.

Methods QA-Verify QA-Choose QA-Query QA-Average

TIMELLM 66.81 26.62 11.62 35.02
TEST 31.96 26.45 1.40 19.94
MEIT 66.60 25.75 7.02 33.12
LLMTIME 66.50 37.88 7.22 37.20
ChatTime 67.66 39.95 6.59 38.07
ST-MEM 67.61 41.08 7.94 38.88
W2V-CMSC-RLM 61.82 36.46 4.85 34.38
w/o DISC 64.93 37.32 5.06 35.77
Ours 68.86 39.56 13.70 40.71

Table 3: Zero-shot performance on PTB-XL using models
trained on MIMIC-IV-ECG.

subtasks. These results indicate that the proposed symbolic
ECG representations, implicitly aligned with the LLM’s tex-
tual embedding space, enhance domain transfer and resist
overfitting to dataset-specific artifacts.

Conclusion
We present HeartLLM, a unified framework that enables
language-based clinical reasoning over ECG signals through
symbolic tokenization and lightweight adaptation. By dis-
cretizing multi-lead ECG signals into a structured vocab-
ulary, HeartLLM bridges the modality gap between con-
tinuous physiological data and discrete language represen-
tations. It avoids reliance on explicit ECG-text alignment
or contrastive supervision, instead leveraging autoregressive
pretraining and instruction tuning to support open-ended
tasks such as question answering and report generation.
Extensive experiments across multiple benchmarks demon-
strate that HeartLLM achieves state-of-the-art performance
and generalizes well to unseen ECG distributions. While ef-
fective, HeartLLM assumes offline processing and does not
support real-time ECG analysis. Future work may extend
our approach to streaming settings and incorporate medical
knowledge to improve interpretability.
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