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Abstract

Electrocardiograms (ECGs) are essential non-
invasive tools for diagnosing cardiovascular
diseases. While recent multimodal ECG-
Report contrastive learning methods have
shown promise for zero-shot ECG interpreta-
tion, they predominantly rely on global repre-
sentations, failing to capture the fine-grained re-
lationship between localized waveform patches
and specific pathological tags. This limita-
tion is further exacerbated by the fact that
nearly 55% of standard clinical reports (e.g.,
in MIMIC-ECG) lack explicit waveform de-
scriptions. In this paper, we propose FOCAL,
a novel framework that achieves precise, fine-
grained alignment between localized ECG seg-
ments and individual report tags via Optimal
Transport. Furthermore, because fine-grained
alignment at the tag level exacerbates the false
negative problem among reports sharing com-
mon diagnoses, we introduce a semantic sim-
ilarity matrix to guide the contrastive objec-
tive and correct misalignments. To address the
scarcity of detailed waveform text, we intro-
duce a coarse-to-fine enrichment pipeline that
leverages Large Language Models (LLMs) to
recover missing semantics, utilizing a coarse
model verification step to rigorously filter out
hallucinations. Extensive experiments across
six datasets demonstrate that FOCAL estab-
lishes new state-of-the-art performance in zero-
shot prediction and linear probing. Our code
and data are available at: https://github.
com/CuCl-2/FOCAL.

1 Introduction

Electrocardiograms (ECGs) are essential non-
invasive tools for detecting cardiac rhythm disor-
ders in clinical practice (Sahoo et al., 2020; Rath
et al., 2021; Ayano et al., 2022; Li et al., 2026;
Ding et al., 2025). Recently, self-supervised learn-
ing (SSL) has emerged as a promising paradigm
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for ECG representation learning, alleviating the
reliance on large-scale annotated data and expert
knowledge. Existing ECG SSL approaches can
be broadly categorized into comparative methods
(Chen et al., 2020, 2021; Wang et al., 2023; El-
dele et al., 2021) and generative methods (Zhang
et al., 2022a; Hu et al., 2023; Na et al., 2024; Zhang
et al., 2022b). However, most of these methods still
struggle with unseen classes in zero-shot scenarios.

Recent studies leverage multimodal ECG-report
alignment to enable zero-shot prediction. While
foundational works (Li et al., 2024; Lalam et al.,
2023) directly map paired ECG signals to clinical
texts, subsequent methods introduce sophisticated
enhancements: MERL (Liu et al., 2024b) incorpo-
rates uni-modal alignment alongside LLM descrip-
tive prompts, and ESI (Yu et al., 2024) integrates
RAG (Ni et al., 2025; Gao et al., 2023) pipelines.
Furthermore, MELP (Wang et al., 2025) captures
hierarchical ECG structures via multi-scale supervi-
sion, while D-BETA (Hung et al., 2025) combines
generative masked auto-encoders with discrimina-
tive contrastive learning.

Despite these advances, current methods pre-
dominantly focus on aligning global ECG repre-
sentations with entire reports. This macroscopic
approach neglects the fine-grained, localized re-
lationship between specific pathological tags and
their exact waveform manifestations. Achieving
this fine-grained alignment presents three critical
challenges. First, existing architectures rely on
global embeddings that fail to capture patch-level
ECG features and tag-specific textual semantics.
This limitation is further compounded by the lack
of explicit annotations mapping individual report
tags to their corresponding ECG segments, mak-
ing direct supervision for such localized alignment
impossible. Second, performing alignment at the
individual tag level inevitably exacerbates the false
negative problem during contrastive learning, as
different reports frequently share common tags. Fi-
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nally, nearly 55% of ECG reports in the MIMIC-
ECG dataset lack explicit waveform descriptions.
Recovering these missing features using LLMs is
complicated by the inherent hallucination prob-
lem and the complex, non-bijective relationship
between waveform manifestations and diagnostic
outcomes (Jin, 2018).

To address these challenges, we propose FO-
CAL (Fine-Grained Optimal-Transport-Driven
Contrastive Alignment of Language and ECGs).
First, we formulate the alignment between indepen-
dent report tags and ECG patches as an Optimal
Transport (OT) problem. This strict, parameter-
free routing ensures that each pathological tag is
forcefully grounded to its most distinct localized
waveform features. Second, we introduce a seman-
tic similarity matrix to dynamically mitigate the
false negative collisions that occur when process-
ing flattened, tag-level contrastive objectives. Fi-
nally, we design a coarse-to-fine LLM enrichment
pipeline to recover missing waveform descriptions.
Because LLM outputs are susceptible to hallucina-
tions and complex non-bijective mappings, we em-
ploy a coarse FOCAL model to rigorously validate
the generated waveform features before incorporat-
ing them into the pre-training corpus.

We validate our proposed FOCAL framework
on six downstream ECG multi-label classification
datasets. The results demonstrate that FOCAL es-
tablishes new state-of-the-art performance in zero-
shot prediction, linear probing, and cross-domain
transfer learning. Overall, our main contributions
are as follows:

• We propose FOCAL, an Optimal Transport-
driven architecture that achieves precise, fine-
grained alignment between specific report tags
and localized ECG patches.

• We present a semantic similarity matrix to
guide contrastive learning, actively identify-
ing and mitigating the false negative misalign-
ments exacerbated by tag-level alignment.

• We introduce a coarse-to-fine training process
that leverages LLMs to recover missing wave-
form features and validates them with a coarse
model, effectively filtering out hallucinations.

• Extensive experiments across six datasets
demonstrate that FOCAL achieves state-of-
the-art performance.

2 Related Work

ECG-Report Contrastive Learning Recent ad-
vancements in multimodal contrastive learning
(Radford et al., 2021) have spurred significant ef-
forts in aligning ECG signals with clinical texts.
Foundational approaches (Li et al., 2024; Liu et al.,
2024a; Lalam et al., 2023) learn representations
by directly pulling paired ECGs and reports to-
gether while pushing unpaired ones apart. Building
on this, MERL (Liu et al., 2024b) introduces uni-
modal alignment and employs the CKEPE pipeline
at inference to generate more descriptive prompts
via LLMs. ESI (Yu et al., 2024) utilizes a retrieval-
augmented generation (RAG) pipeline during train-
ing, integrating external medical knowledge to for-
mulate more detailed descriptions. To capture the
hierarchical nature of ECG signals, MELP (Wang
et al., 2025) introduces multi-scale cross-modal
supervision at the token, beat, and rhythm levels.
Concurrently, D-BETA (Hung et al., 2025) pro-
poses a hybrid framework integrating generative
masked auto-encoders with boosted discriminative
contrastive learning.

Despite these advances, most of the existing
methods perform contrastive learning at the whole-
ECG and report level, and overlook the absence of
fine-grained waveform features in ECG reports.

Fine-Grained Contrastive Learning Recent stud-
ies in medical imaging have demonstrated the ben-
efits of fine-grained alignment. Methods such as
MedFILIP (Liang et al., 2025), fVLM (Shui et al.,
2025) incorporate entity-level or region-level su-
pervision by leveraging structured information ex-
tracted from reports or by segmenting images into
anatomical regions. However, the application of
fine-grained contrastive learning in the ECG do-
main remains largely unexplored.

False Negatives in Contrastive Learning Tradi-
tional contrastive learning (Radford et al., 2021)
assumes all unpaired samples are strict negatives.
This fails in the ECG domain, where frequent nor-
mal baselines and common diseases create inherent
false negatives. Prior solutions involve adding reg-
ularization terms (Lavoie et al., 2024; Jiang et al.,
2023; Li et al., 2023) or inter-report similarity ma-
trices (Sun et al., 2023; Wang et al., 2022; Kim
et al., 2025). In our framework, fine-grained align-
ment at the individual tag level significantly exac-
erbates this false negative problem since distinct
reports frequently share identical diagnostic tags.
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Figure 1: The overall framework of FOCAL. (A) Tag-Patch Alignment via Semi-UOT: Semi-Unbalanced Optimal
Transport routes text tags to ECG patches, grounding all clinical semantics while dynamically ignoring uninformative
background signals. (B) Contrastive Learning with Semantic Soft Targets: Integrating a text-derived semantic
similarity matrix S into a soft sigmoid objective mitigates false negative bias by treating semantic identical tags
across reports as soft positive targets. (C) Coarse-to-Fine Waveform Enrichment: To recover omitted clinical
waveform features, an LLM generates candidates from the original report, which are rigorously verified by a Coarse
FOCAL model to filter hallucinations and yield enriched reports.

3 Method

3.1 Fine-Grained Alignment Architecture
In this section, we describe how we achieve fine-
grained alignment between specific ECG segments
and tags in clinical reports. Given an ECG-report
dataset D = {(Xi,Ri)}, each report Ri consists
of multiple clinically meaningful tags, such as ar-
rhythmia, myocardial infarction, atrial fibrillation,
etc. For each tag, our objective is to identify and
align the corresponding ECG segment(s) that re-
flect this clinical finding.

Spatial-Temporal ECG Encoding. To capture
both spatial relationships and temporal dynamics,
we employ a Spatial-Temporal ViT encoder. Given
a 12-lead ECG Xi ∈ RL×T (L = 12, T is the
signal length), we divide each lead into Ntime non-
overlapping patches. This yields a total of N =
L×Ntime patches, which are flattened into a 1D
sequence. Each patch xp

i (p = 1, . . . , N ) is linearly
projected to d dimensions. To preserve coordinate
information, we add learnable lead and temporal
embeddings to each projected patch:

up
i = Linear(xp

i ) + eplead + eptime (1)

where eplead and eptime denote the specific lead and
temporal embeddings corresponding to the p-th

patch. The token sequence Ui = [u1
i , . . . ,u

N
i ]

is then processed by the ECG encoder to yield
the final fine-grained patch embeddings Hi =
[h1

i , . . . ,h
N
i ]:

Hi = ECGEncoder(Ui) ∈ RN×d (2)

Report Tag-Level Encoding. Since ECG reports
are highly structured, we can simply use commas
to split the tags. We denote the set of tags in the
i-th report as Ti = {tji}mi

j=1, where tji represents the
j-th tag in report i, and mi is the number of tags in
Ri. Each tag tji is then independently encoded via a
text encoder to obtain its embedding representation.
This yields the tag-level representation matrix for
report i:

Zi = [z1i , . . . , z
mi
i ] ∈ Rmi×d (3)

zji = TextEncoder(tji ), j = 1, . . . ,mi (4)

Notably, both the ECG patch embeddings and tag
embeddings are projected into the same latent space
with dimension d. For clarity and conciseness, we
omit explicit projection formulas in the equations.

Tag-Specific ECG Representation via Semi-
Unbalanced Optimal Transport. With the fine-
grained ECG patch embeddings and report tag

28351



embeddings, our goal is to align them accurately.
Standard Optimal Transport (OT) typically formu-
lates such alignment by imposing strict, uniform
marginal constraints on both modalities. However,
this completely balanced formulation is ill-suited
for the clinical reality of ECG-report pairs due to
a structural asymmetry. On the textual side, ev-
ery semantic tag extracted from the report contains
critical diagnostic information and must be strictly
grounded to the waveform. On the signal side,
pathological manifestations in an ECG are highly
localized and temporally sparse. Consequently,
many background patches (e.g., normal baselines
or regular heartbeats) carry no relevant diagnostic
information. Forcing a strict uniform constraint on
the ECG patches would erroneously compel the
model to distribute the semantic mass of pathologi-
cal tags onto these uninformative segments.

To resolve this asymmetry, we formulate the
tag-patch alignment as a Semi-Unbalanced Opti-
mal Transport (Semi-UOT) problem. Specifically,
we treat the mi tag embeddings Zi and N ECG
patch embeddings Hi as two discrete distributions.
We first define a cost matrix C ∈ Rmi×N , where
each element Cj,p represents the cosine distance
between the j-th tag and the p-th ECG patch:

Cj,p = 1− (zji )
⊤hp

i

∥zji∥2∥h
p
i ∥2

(5)

Our objective is to find a transport plan T ∈
Rmi×N
+ that minimizes the overall transport cost.

To accommodate the structural asymmetry, we
strictly ensure every tag is grounded, but relax the
constraint on ECG patches. To guarantee differ-
entiability and computational efficiency, we intro-
duce an entropic regularization term H(T) and a
Kullback-Leibler (KL) divergence penalty, solving
the following objective:

T∗ = arg min
T1N=a

{
mi∑

j=1

N∑

p=1

Tj,pCj,p

− ϵH(T) + τKL(T⊤1mi∥b)
} (6)

where a = 1
mi

1mi and b = 1
N 1N represent the

prior marginal distributions. The strict equality
constraint T1N = a ensures all clinical tags are
fully assigned (the “balanced” aspect), while the
KL divergence softens the marginal constraint on
the ECG patches (the “unbalanced” aspect). The

hyperparameter τ controls this relaxation: a smaller
τ allows the network to confidently assign near-
zero mass to irrelevant ECG patches. This objec-
tive can be efficiently solved using the unbalanced
Sinkhorn-Knopp algorithm.

Finally, to aggregate information from the most
relevant ECG segments for each tag, we normalize
the optimal transport plan such that each row sums
to 1 (i.e., T̂j,p = mi · T ∗

j,p). The Semi-UOT-routed,
tag-specific ECG representation is then computed
as a transport-weighted sum:

eji =
N∑

p=1

T̂j,p · hp
i (7)

By leveraging Semi-UOT, each tag forcefully cap-
tures its most distinct local ECG features while
naturally filtering out noisy or irrelevant base-
lines. Importantly, because the iterative unbal-
anced Sinkhorn algorithm consists entirely of dif-
ferentiable matrix operations, this module acts as
a parameter-free layer. It can be seamlessly opti-
mized end-to-end with the subsequent contrastive
loss, allowing gradients to flow directly back to
refine both the ECG and text encoders.

Fine-Grained Contrastive Learning with Seman-
tic Similarity Matrix. To maximize data effi-
ciency and construct a comprehensive negative
sample pool, we leverage all available tags within a
batch. For a batch of B reports, let K =

∑B
i=1mi

denote the total number of tags. We flatten these
tags and their corresponding tag-specific ECG rep-
resentations into two aligned sequences: {zk}Kk=1

and {ek}Kk=1.

Standard contrastive objectives, such as the pair-
wise Sigmoid loss (SigLIP) (Zhai et al., 2023), treat
all non-paired samples as strict negatives. This
hard-negative assumption is problematic in fine-
grained medical alignment, as different reports fre-
quently share identical pathological tags. Forcing
the model to push apart these semantically equiva-
lent but non-paired samples exacerbates the false
negative problem.

To address this, we introduce a semantic similar-
ity matrix S ∈ [0, 1]K×K computed from the text
tag embeddings, where Sk,l = sim(zk, zl). Instead
of using hard binary indicators, we replace them
with this continuous semantic prior, formulating a
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semantic-guided soft sigmoid Loss:

L =
1

K2

K∑

k=1

K∑

l=1

[
Sk,l log (1 + exp(−xk,l))

+ (1− Sk,l) log (1 + exp(xk,l))
] (8)

where xk,l = t · sim(ek, zl) is the temperature-
scaled cosine similarity between the k-th ECG rep-
resentation and the l-th text tag, and t is a learnable
temperature parameter.

By integrating S directly into the binary cross-
entropy formulation as soft targets, our model natu-
rally mitigates the false negative bias. Semantically
identical tags from different reports (Sk,l ≈ 1)
act as positive soft-targets, elegantly eliminating
the erroneous repulsive force at the gradient level.
Through this unified process, pathological seman-
tics are explicitly grounded to their most relevant
ECG waveform manifestations.

3.2 Coarse-to-Fine Training Process

Fine-grained alignment relies on reports that in-
clude detailed waveform features. However, we
observe that due to clinical habits, these interme-
diate diagnostic observations are frequently omit-
ted from recorded reports. To recover this miss-
ing information, we query LLMs with the ques-
tion, ‘What waveform features are most likely to
be present in electrocardiograms with these symp-
toms?’ to identify potential overlooked characteris-
tics. While this generates potential features, LLM
outputs remain unreliable for two primary reasons.
First, ECG waveform features and diagnoses are
not in a one-to-one correspondence (Jin, 2018). A
single disease may present different waveform char-
acteristics across individuals, meaning doctors can
infer a diagnosis from waveform features, but the
reverse is not strictly possible. Second, the LLM’s
output is inherently unstable due to hallucination
issues (Huang et al., 2023; Günay et al., 2024).

To address these reliability challenges, we pro-
pose a novel coarse-to-fine training process, illus-
trated in Figure 1, consisting of three steps. We
first train a coarse FOCAL model using contrastive
learning on the original ECG-report pairs. Next,
we validate the LLM-generated waveform features
by computing their similarity to the actual ECG
signal using this coarse model, selecting only high-
confidence candidates for augmentation. Finally,
these validated features are incorporated into the
original report, and we continue training the coarse

model with this augmented data to obtain the final
FOCAL model.

4 Experiments

4.1 Datasets

We pre-train the FOCAL using the MIMIC-ECG
(Gow et al.) dataset and test it on the PTB-XL
(Wagner et al., 2020), CPSC2018 (Liu et al., 2018),
and CSN (Zheng et al., 2022) datasets, following
the benchmark proposed by (Liu et al., 2024b). All
the ECGs in the datasets are 12-lead recordings.
The MIMIC-ECG dataset contains nearly 800,000
ECG-report pairs. To improve data quality, we
excluded samples with an empty report or reports
containing fewer than three words, removed reports
without useful information, and discarded ECGs
with unexpected situations. Details regarding the
train:validation:test split and other dataset-specific
information are provided in the Appendix.

4.2 Implementation Details

Pre-training: We use a randomly initialized
ViT (Dosovitskiy et al., 2020) with 120 non-
overlapping patches for ECG encoding, and Bio-
ClinicalBERT (Alsentzer et al., 2019) for text. Op-
timization is performed using AdamW (learning
rate 2×10−5, weight decay 1×10−4) with a batch
size of 100, a cosine annealing scheduler, and a
10% warmup. The temperature parameter t is ini-
tialized to log 10. Coarse FOCAL is pre-trained for
10 epochs on original reports, followed by 3 epochs
for fine FOCAL on fine-grained reports. Candi-
date waveform features are queried via Qwen3-8B
(Yang et al., 2025) accelerated by vLLM (Kwon
et al., 2023), and filtered using a 0.95 confidence
threshold.
Downstream Tasks: For zero-shot classification,
the entire model is frozen, and probabilities are
computed via the similarity between ECG embed-
dings and category text prompts. For linear probing,
the ECG encoder remains frozen while a newly ini-
tialized linear classifier is trained using 1%, 10%,
and 100% data fractions. All task performances are
measured by macro AUC.

4.3 Zero-Shot Ability

The zero-shot classification results across six
datasets are presented in Table 1. Our proposed
FOCAL framework consistently outperforms all
state-of-the-art baselines, achieving the highest
Macro AUC on every evaluated dataset and sub-
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Table 1: Results of zero-shot classification.

Macro AUC PTBXL-Super PTBXL-Sub PTBXL-Form PTBXL-Rhythm CPSC2018 CSN Average

MERL (Liu et al., 2024b) 74.2 75.7 65.9 78.5 82.8 74.4 75.3
MELP (Wang et al., 2025) 76.2 81.2 69.1 85.4 84.2 77.6 79.0
D-BETA (Hung et al., 2025) 76.2 75.9 66.1 88.6 80.1 76.3 77.1
FOCAL(Ours) 77.7 83.5 70.3 90.8 85.0 79.2 81.1

Table 2: Results of Linear Evaluation. The best and second-best results are highlighted in bold and underlined.

Method PTBXL-Super PTBXL-Sub PTBXL-Form PTBXL-Rhythm CPSC2018 CSN
1% 10% 100% 1% 10% 100% 1% 10% 100% 1% 10% 100% 1% 10% 100% 1% 10% 100%

Random Init 70.45 77.09 81.61 55.82 67.60 77.91 55.82 62.54 73.00 46.26 62.36 79.29 54.96 71.47 78.33 47.22 63.17 73.13
SimCLR 63.41 69.77 73.53 60.84 68.27 73.39 54.98 56.97 62.52 51.41 69.44 77.73 59.78 68.52 76.54 59.02 67.26 73.20
BYOL 71.70 73.83 76.45 57.16 67.44 71.64 48.73 61.63 70.82 41.99 74.40 77.17 60.88 74.42 78.75 54.20 71.92 74.69
BarlowTwins 72.87 75.96 78.41 62.57 70.84 74.34 52.12 60.39 66.14 50.12 73.54 77.62 55.12 72.75 78.39 60.72 71.64 77.43
MoCo-v3 73.19 76.65 78.26 55.88 69.21 76.69 50.32 63.71 71.31 51.38 71.66 74.33 62.13 76.74 75.29 54.61 74.26 77.68
SimSiam 73.15 72.70 75.63 62.52 69.31 76.38 55.16 62.91 71.31 49.30 69.47 75.92 58.35 72.89 75.31 58.25 68.61 77.41
TS-TCC 70.73 75.88 78.91 53.54 66.98 77.87 48.04 61.79 71.18 43.34 69.48 78.23 57.07 73.62 78.72 55.26 68.48 76.79
CLOCS 68.94 73.36 76.31 57.94 72.55 76.24 51.97 57.96 72.65 47.19 71.88 76.31 59.59 77.78 77.49 54.38 71.93 76.13
ASTCL 72.51 77.31 81.02 61.86 68.77 76.51 44.14 60.93 66.99 52.38 71.98 76.05 57.90 77.01 79.51 56.40 70.87 75.79
CRT 69.68 78.24 77.24 61.98 70.82 78.67 46.41 59.49 68.73 47.44 73.52 74.41 58.01 76.43 82.03 56.21 73.70 78.80
ST-MEM 61.12 66.87 71.36 54.12 57.86 63.59 55.71 59.99 66.07 51.12 65.44 74.85 56.69 63.32 70.39 59.77 66.87 71.36
MERL 82.39 86.27 88.67 64.90 80.56 84.72 58.26 72.43 79.65 53.33 82.88 88.34 70.33 85.32 90.57 66.60 82.74 87.95
MELP 85.82 87.61 87.87 79.22 84.40 87.46 63.41 76.71 83.30 88.83 94.65 96.91 88.54 91.75 94.32 78.25 84.83 90.17
D-BETA 83.15 88.36 90.11 77.74 82.92 85.15 70.10 78.91 83.98 86.61 92.83 96.71 85.46 91.35 94.92 80.04 87.36 90.71
FOCAL 85.50 90.37 91.45 78.24 86.36 90.39 71.83 79.35 85.36 89.52 95.01 98.01 89.32 93.33 96.52 81.92 88.03 92.27

set. Notably, FOCAL achieves an average Macro
AUC of 81.1%, surpassing the strongest baseline,
MELP (Wang et al., 2025), by a significant margin
of 2.1%.

A detailed examination reveals that FOCAL ex-
hibits particularly strong performance on tasks re-
quiring the detection of highly localized and com-
plex waveform features, such as PTBXL-Rhythm
and PTBXL-Form. This improvement directly val-
idates our Optimal Transport-driven architecture,
which accurately grounds specific pathological tags
to precise ECG segments.

4.4 Linear Evaluation

We aim to evaluate the learned model transferabil-
ity to downstream supervised tasks. We froze the
ECG encoder and fine-tuned a randomly initialized
linear classification head on the training data with
binary cross-entropy loss. We compared a series of
contrastive and generative self-supervised learning
methods. Results in Table 2 show that FOCAL still
achieves the best performances across all methods
(Grill et al., 2020; Zbontar et al., 2021; Chen and
He, 2021; Kiyasseh et al., 2021; Zhang et al., 2023)
in most scenarios.

5 Analysis

In this section, we conduct a series of experiments
to provide an in-depth analysis of FOCAL. All the
reported metrics reflect the average zero-shot AUC
across the six datasets described above.

5.1 Ablation Study

We conduct a comprehensive ablation study to vali-
date FOCAL’s three core components, with results
in Table 3.

Alignment Mechanisms. Removing fine-
grained alignment entirely causes a severe perfor-
mance drop. Substituting Semi-UOT with standard
Cross-Attention also degrades performance, vali-
dating that OT enforces sparse, precise mapping
over attention’s global smoothing. Furthermore, re-
verting to standard balanced OT (strict marginals)
introduces severe noise by forcing uniform align-
ment mass onto uninformative background signals,
highlighting the necessity of our semi-unbalanced
relaxation for temporally sparse clinical data.

Loss Objective. Removing the semantic simi-
larity matrix to revert to hard negative contrastive
learning degrades performance. This confirms that
strict binary pairings erroneously push apart se-
mantically identical tags across different reports, a
conflict effectively resolved by our semantic soft
targets.

Coarse-to-Fine Pipeline. The Coarse FOCAL
model trained solely on original reports underper-
forms, confirming the need for LLM waveform
enrichment. Training the coarse model for 3 addi-
tional epochs without enrichment yielded no gains,
indicating prior convergence and ruling out ben-
efits from extended training alone. Additionally,
training FOCAL from scratch on augmented re-
ports achieves comparable performance but incurs
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Table 3: Results of ablation study.

Model Setting AUC

FOCAL (default) 81.1

Alignment Mechanism Ablations
w/ Cross-Attention (instead of OT) 78.3
w/ Standard Balanced OT (Strict marginals) 79.2
w/o Fine-Grained Alignment (Global only) 76.0

Loss Objective Ablations
w/o Semantic Similarity Matrix 77.6

Training Pipeline Ablations
w/o LLM Waveform Enrichment (coarse FOCAL) 79.6
coarse FOCAL + 3 epochs (original reports) 79.5
FOCAL (trained from scratch) 81.1
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The Effect of Threshold

Figure 2: Effect of the filtering threshold

significantly higher computational costs, validating
the efficiency of our curriculum.

Finally, Figure 2 demonstrates FOCAL’s robust
performance across different LLM feature filtering
thresholds. We retain a high default threshold of
0.95 to maximize precision and strictly filter out
hallucinations.

5.2 Visual Activation Map

To further demonstrate the precise alignment be-
tween report tags and specific ECG segments, we
present visual activation maps generated by FO-
CAL. We visualize the alignment weights for two
highly localized pathological prompts in Figure 3.
First, using the text prompt ‘RSR’ Pattern in V1-
V3’, which is a key morphological feature for
diagnosing right bundle branch block, FOCAL
accurately localizes the corresponding waveform
anomalies within the exact leads. Second, for the
prompt ‘ST segment changes’, the model clearly
highlights the specific temporal patches exhibiting
abnormal elevations or depressions.

5.3 Validation and Transferability of
Enriched Reports

To evaluate our waveform enrichment pipeline’s
accuracy, we randomly sampled 200 MIMIC-ECG
records originally lacking waveform descriptions.
Three medical students independently annotated
five key waveform features per ECG, establish-

(a) Visual activation map of FOCAL (b) Clinical physician annotation

RSR’ Pattern in V1-V3

ST Change

Figure 3: Visual activation maps generated by FOCAL.

Table 4: AUC of Generated Fine-Grained Reports (with-
/without verification).

Waveform Feature w/o Veri. w Veri.

Non-specific ST elevation 71.42 83.42
Long QT-interval 84.25 93.25
Abnormal QRS 76.68 91.68
Prolonged PR interval 75.13 86.13
Inverted T-waves 74.79 88.79

ing ground-truth labels via majority vote. To ac-
count for varying textual granularities, we calcu-
lated the AUC using the semantic similarity be-
tween the generated texts and target features. As
Table 4 shows, unverified LLM-generated features
yield low AUCs, confirming the risks of halluci-
nations and non-bijective clinical mappings. Con-
versely, verification by the Coarse FOCAL model
substantially improves the AUC, demonstrating the
pipeline’s reliability in filtering hallucinations to
generate high-fidelity reports.

Beyond internal accuracy, our augmentation
serves as a universally beneficial data engine.
To prove model-agnostic transferability, we pre-
trained the state-of-the-art MERL baseline (Liu
et al., 2024b) using our enriched reports. Ta-
ble 5 shows this verified corpus yields consistent
zero-shot improvements across all six downstream
datasets, achieving a +2.2% average gain over orig-
inal texts. This plug-and-play capability confirms
that recovering missing waveform semantics ele-
vates overall pre-training corpus quality, extending
its value beyond FOCAL to benefit the broader
representation learning community.

5.4 Robustness to Data Distribution Shifts

To evaluate cross-domain generalizability, we
tested models on unseen target domains follow-
ing the experimental setting of MERL (Liu et al.,
2024b) (Table 6). Unlike traditional uni-modal
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Table 5: Impact of LLM-enriched reports on other baseline model (MERL).

Model Setting PTBXL-Super PTBXL-Sub PTBXL-Form PTBXL-Rhythm CPSC2018 CSN Average

MERL (Original Reports) 74.2 75.7 65.9 78.5 82.8 74.4 75.3
MERL (w/ Enriched Reports) 76.7 78.2 66.8 81.0 85.3 76.9 77.5

Gain (∆) +2.5 +2.5 +0.9 +2.5 +2.5 +2.5 +2.2

Table 6: Results under data distribution shift: ‘Source Domain’ denotes the dataset used for linear probing with the
frozen pre-trained ECG encoder. ‘Target Domain’ refers to the corresponding test set. We include only those target
domain samples that match categories from the source domain.

Source Domain Zero-shot Training Data PTBXL-Super CPSC2018 CSN
Target Domain Ratio CPSC2018 CSN PTBXL-Super CSN PTBXL-Super CPSC2018

Random Init ✗ 100% 68.62 75.31 55.74 68.92 56.57 61.16
SimCLR ✗ 100% 69.62 73.05 56.65 66.36 59.74 62.11
BYOL ✗ 100% 70.27 74.01 57.32 67.56 60.39 63.24
BarlowTwins ✗ 100% 68.98 72.85 55.97 65.89 58.76 61.35
MoCo-v3 ✗ 100% 69.41 73.29 56.54 66.12 59.82 62.07
SimSiam ✗ 100% 70.06 73.92 57.21 67.48 60.23 63.09
TS-TCC ✗ 100% 71.32 75.16 58.47 68.34 61.55 64.48
CLOCS ✗ 100% 68.79 72.64 55.86 65.73 58.69 61.27
ASTCL ✗ 100% 69.23 73.18 56.61 66.27 59.74 62.12
CRT ✗ 100% 70.15 74.08 57.39 67.62 60.48 63.33
ST-MEM ✗ 100% 76.12 84.50 62.27 75.19 73.05 64.66
MERL ✓ 0% 88.21 78.01 76.77 76.56 74.15 82.86
MELP ✓ 0% 87.75 74.11 77.89 80.32 74.67 82.72
D-BETA ✓ 0% 72.09 79.11 77.12 82.91 76.24 80.10

FOCAL ✓ 0% 85.33 82.98 79.25 83.32 78.01 83.30

Table 7: Results of varying the LLM and Text Encoder
components in our FOCAL framework.

Component Variant Coarse FOCAL FOCAL ↑
Different Large Language Models

Qwen3-8B (Yang et al., 2025) 79.6 81.1
Qwen3-32B (Yang et al., 2025) 79.6 81.2
Llama-3.1-8B-Instruct (Grattafiori et al., 2024) 79.6 80.5
Gemma-3-12B-It (Team et al., 2024) 79.6 80.7
Meditron-7B (Chen et al., 2023) 79.6 81.0
medgemma-27b-text-it (Sellergren et al., 2025) 79.6 81.4

Different Text Encoders
BioClinicalBERT (Alsentzer et al., 2019) 79.6 81.1
PubMedBERT (Gu et al., 2021) 79.7 80.9
Med-CPT (Jin et al., 2023) 78.4 80.6
BioBERT (Lee et al., 2020) 78.6 80.5

SSL methods that require 100% of source domain
labels for linear probing, FOCAL and other multi-
modal baselines operate in a strict zero-shot setting.
Despite this constraint, FOCAL achieves the best
performance in four out of six cross-domain tasks
and remains highly competitive in the others.

5.5 Robustness Across Different Components

We conducted experiments to evaluate the perfor-
mance of our framework using various LLMs and
text encoders. The results, presented in Table 7,
demonstrate that FOCAL is highly robust across
different configurations. Specifically, larger LLMs
(Yang et al., 2025; Team et al., 2024; Chen et al.,
2023; Sellergren et al., 2025) yield only marginal
gains, and domain-specific medical LLMs perform

comparably to general-purpose ones. This suggests
that general LLMs already possess sufficient foun-
dational medical knowledge for waveform recovery.
More importantly, our coarse FOCAL verification
acts as a rigorous quality filter, standardizing the en-
riched reports regardless of the LLM used. Further-
more, FOCAL consistently improves upon coarse
baselines across all tested text encoders (Alsentzer
et al., 2019; Gu et al., 2021; Jin et al., 2023; Lee
et al., 2020), confirming the strong generalizability.

6 Conclusion

In this paper, we propose FOCAL, a novel frame-
work for fine-grained ECG-text contrastive learn-
ing. By formulating cross-modal routing via Opti-
mal Transport, FOCAL explicitly grounds patho-
logical tags to localized ECG patches. To resolve
false negative collisions inherent in tag-level align-
ment, we integrated a semantic similarity matrix
via soft targets. Furthermore, our coarse-to-fine
pipeline reliably recovers missing waveform se-
mantics while filtering hallucinations. Extensive
experiments demonstrate that FOCAL achieves
state-of-the-art zero-shot performance, and our gen-
erated waveform-enriched reports provide a uni-
versally transferable data engine for the broader
representation learning community.
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Limitations

One primary limitation of our proposed framework
is the computational and time overhead associated
with the Large Language Model (LLM) waveform
enrichment pipeline. Querying an LLM to gener-
ate potential waveform candidates for a large-scale
dataset like MIMIC-ECG, which contains approxi-
mately 800,000 clinical reports, requires substan-
tial inference compute. However, it is important
to emphasize that this text augmentation process is
strictly off-line and represents a one-time computa-
tional investment. Once the generated features are
verified by the Coarse FOCAL model, the result-
ing fine-grained reports form a static, high-fidelity
dataset. This enriched corpus not only facilitates
the efficient training of our final model without
adding any online training overhead, but it will also
be open-sourced as a plug-and-play data asset. By
providing this resource to the broader ECG repre-
sentation learning community, the initial computa-
tional cost is effectively amortized over long-term,
community-wide usage.
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A Dataset Analysis

We pre-train the FOCAL using the MIMIC-ECG
dataset and test it on the PTB-XL, CPSC2018, and
CSN datasets. All the ECGs in the datasets are
12-lead recordings. The PTB-XL dataset can be
further divided into four subsets, and we follow the
official train:validation:test split. For CPSC2018
and CSN, we split the dataset as 70%:10%:20% for
the train:validation:test split. The statistics of the
datasets used are presented in Table 8.

MIMIC-ECG The MIMIC-ECG dataset con-
tains nearly 800,000 ECG-report pairs from ap-
proximately 160,000 unique patients. These diag-
nostic ECGs utilize 12 leads and are 10 seconds in
duration, with a sampling rate of 500 Hz.

PTB-XL The PTB-XL ECG dataset is a large
dataset of 21,799 clinical 12-lead ECGs from
18,869 patients of 10-second length. There are
four subsets with multi-label classification tasks:
Superclass (5 categories), Subclass (23 categories),
Form (19 categories), and Rhythm (12 categories).
Notably, these four subsets have different numbers
of samples.

CPSC2018 This publicly accessible dataset com-
prises 6,877 standard 12-lead ECG records, each
sampled at a rate of 500 Hz, with durations ranging
from 6 to 60 seconds. The dataset is annotated with
9 distinct labels.

Chapman-Shaoxing-Ningbo (CSN) This
dataset contains huge 12-lead ECGs with a 500 Hz
sampling rate, which features multiple common
rhythms and additional cardiovascular conditions,
all labeled by professional experts.

Table 8: The statistics of used datasets.

Pretrain # ECGs # Reports

MIMIC-ECG 773,268 773,268

Evaluation # Train # Valid # Test # Classes

PTBXL-Super 17,084 2,146 2,158 5
PTBXL-Sub 17,084 2,146 2,158 23
PTBXL-Form 7,197 901 880 19
PTBXL-Rhythm 16,832 2,100 2,098 12
CPSC2018 4,950 551 1,376 9
CSN 16,546 1,860 4,620 38

B Pseudo Code

The pseudo-code of our FOCAL training pipeline
is summarized in Algorithm 1.

Algorithm 1 Coarse-to-Fine Training Pipeline of
FOCAL
1: Input: Original dataset D = {(xecgi , xtxti) | i ∈ [0, n)},

LLM prompt, threshold τ
2: Output: Optimized FOCAL model
3: # Step 1: Train Coarse Model
4: Train Coarse FOCAL model fcoarse using original dataset

D
5: # Step 2: LLM Waveform Enrichment & Verification
6: Initialize augmented dataset Daug = ∅
7: for i = 0 to n− 1 do
8: features = LLM(xtxti , prompt) # Generate candi-

date waveform features
9: xaug

txti = xtxti
10: for each fj ∈ features do
11: sim = fcoarse(xecgi , fj) # Compute cross-modal

similarity
12: if sim > τ then
13: xaug

txti = xaug
txti ∪ {fj} # Retain high-confidence

feature
14: end if
15: end for
16: Daug = Daug ∪ {(xecgi , x

aug
txti)}

17: end for
18: # Step 3: Final FOCAL Training
19: Continue training fcoarse on augmented dataset Daug to

obtain final FOCAL

C Semantic Similarity Matrix

We visualize the semantic similarity matrix in Fig-
ure 4. The left side shows the semantic similarity
matrix from a random batch. As illustrated, ECGs
and tags from different records may share similar-
ities to some extent. Ignoring these similarities
would result in a diagonal matrix with ones on the
diagonal and zeros elsewhere, which is obviously
wrong. The right side displays a semantic similarity
matrix where the first 16 entries are normal ECGs
and the last 16 are abnormal ECGs. The matrix
effectively captures the semantic similarities of the
normal ECGs.

Figure 4: The Heatmap of Semantic Similarity Ma-
trix. Left: a random batch; Right: with the first 16 as
normal ECG and the last 16 as abnormal ECG.

D Stability of the Semantic Similarity
Matrix

The semantic similarity matrix S is computed on-
line from the text embeddings throughout the train-
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Table 9: Relative Inference Time Comparison across baselines.

Method LLM at Inference Relative Time ↓ Notes

MERL (Liu et al., 2024b) ✓(CKEPE) 1.17× LLM call required per sample at test time
MELP (Wang et al., 2025) ✗ 1.08× Overhead from multi-scale encoder
D-BETA (Hung et al., 2025) ✗ 0.98× MAE used only during training
FOCAL (Ours) ✗ 1.00× Sinkhorn-Knopp adds negligible overhead

Table 10: Full 2× 2 Ablation of Fine-Grained Architecture and Waveform Enrichment (Zero-Shot Avg. AUC %).

Method Fine-Grained Architecture Waveform Enrichment Avg. AUC (%)

Global only (w/o both) ✗ ✗ 74.8
w/o Fine-Grained Architecture† ✗ ✓ 76.0
Coarse FOCAL† ✓ ✗ 79.6
FOCAL† ✓ ✓ 81.1

ing process. A potential concern with online up-
dates is whether the instability of the text encoder in
the early stages of training could negatively affect
the contrastive learning objective. In our frame-
work, the text encoder is initialized from BioClin-
icalBERT (Alsentzer et al., 2019) weights, which
are pre-trained on large-scale biomedical text. Con-
sequently, these embeddings encode reliable se-
mantic relationships among clinical terms from the
very first training step. This robust initialization
ensures that the online computation of S remains
stable and consistently provides high-quality soft
targets, preventing any training collapse or instabil-
ity.

E Inference-Time Efficiency Analysis

To evaluate the computational overhead of our
framework, we compare the relative inference time
of FOCAL against key baselines in Table 9. We
distinguish between training-time and inference-
time costs. The LLM-based waveform enrichment
in FOCAL is a strictly offline, one-time preprocess-
ing step with zero online overhead. At inference
time, the only addition is the unbalanced Sinkhorn-
Knopp algorithm. Because this consists entirely
of highly parallelizable matrix operations, its com-
putational cost is negligible relative to standard
neural network forward passes. As shown in Ta-
ble 9, FOCAL is highly efficient, whereas methods
like MERL (Liu et al., 2024b) require live LLM
calls per sample via their CKEPE pipeline during
inference.

F 2× 2 Ablation of Fine-Grained
Architecture and Enrichment

To further disentangle the performance gains con-
tributed by our architectural design versus the data
augmentation strategy, we provide a full 2× 2 ab-
lation study in Table 10. The results clearly demon-
strate that the fine-grained Semi-UOT architecture
is the dominant contributor to our framework’s suc-
cess (yielding a 5.1% absolute improvement over
the global baseline). Meanwhile, the LLM wave-
form enrichment provides a consistent additive gain
(+1.5%) regardless of the underlying alignment
configuration. This confirms that the improvements
from the architecture and the enriched training text
are orthogonal and complementary.

G Contribution of Alignment and
Enrichment to Cross-Domain Transfer

To complement the evaluation and explicitly ad-
dress how our core mechanisms affect generaliza-
tion, we dissect the contributions of alignment and
enrichment in the cross-domain transfer setting.
Table 11 shows that the fine-grained OT-driven
alignment is the primary driver of cross-domain
transferability. Removing it causes a 5% ∼ 6%
drop across all tasks. Text enrichment provides an
additional 1% ∼ 2% gain by improving the quality
of the pre-training corpus.

H Hyperparameter Sensitivity Analysis

We evaluate the robustness of our Semi-UOT for-
mulation by varying its two core hyperparameters:
the entropic regularization weight ϵ and the KL
divergence penalty τ . As demonstrated in Table
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Table 11: Ablation of Alignment and Enrichment on Cross-Domain Transfer (Zero-Shot AUC). "PTB" denotes
PTBXL-Super.

Method Alignment Enrichment PTB→CPSC PTB→CSN CPSC→PTB CPSC→CSN CSN→PTB CSN→CPSC

w/o Alignment ✗ ✓ 79.51 76.83 73.21 77.61 72.53 77.42
Coarse FOCAL ✓ ✗ 83.52 81.24 77.82 81.91 76.44 81.83
FOCAL ✓ ✓ 85.33 82.98 79.25 83.32 78.01 83.30

12 and Table 13, FOCAL’s performance remains
highly stable, fluctuating by less than 0.5% across a
wide practical operating range. Extreme boundary
cases predictably degrade performance: as ϵ → 0,
the formulation approaches computationally unsta-
ble exact OT, and as τ → ∞, it reverts to standard
balanced OT, which erroneously forces uniform
alignment mass onto uninformative ECG baselines.

Table 12: Sensitivity to Entropic Regularization ϵ (with
τ = 1.0 fixed).

ϵ 0.01 0.05 0.1 (default) 0.2 0.5

Avg. AUC (%) 79.8 80.6 81.1 80.9 80.3

Table 13: Sensitivity to KL Divergence Penalty τ (with
ϵ = 0.1 fixed).

τ 0.1 0.5 1.0 (default) 2.0 5.0

Avg. AUC (%) 80.2 80.7 81.1 80.8 80.1

I Notation Table

Table 14 summarizes the key mathematical nota-
tions used in this paper.

J Running Cases for Generating
Fine-Grained Reports

We present three case studies illustrating how the
fine-grained reports with waveform features are
generated step by step, as shown in Figure 5, 6, 7.
The LLM is prompted with two explicit chain-of-
thought instructions: ‘What waveform features are
most likely to be present in electrocardiograms with
these symptoms?’ followed by ‘Organize these
waveform features into a Python list, with each
item representing a distinct waveform feature.’

K ECG-Text Retrieval

We attempted to use FOCAL to retrieve electrocar-
diograms (ECGs) from the MIMIC-ECG dataset
(Gow et al.) through text. To test our model’s abil-
ity to capture fine-grained waveform features, we
tested a series of typical waveform features such as

‘RSR’ Pattern, ‘Inverted T-waves,’ and ‘Low QRS
voltages.’ Figure 8 shows the Top 3 retrieved ECGs
with probabilities all greater than 0.99. Our model
demonstrated strong capability in retrieving ECGs
through waveform feature text, which can lead to
two applications: (1) Helping doctors quickly find
similar cases or specific ECG patterns, aiding in
diagnosis and treatment decision-making; (2) In
medical education, text-based retrieval can quickly
find typical ECG cases, assisting in teaching and
training, thereby improving educational effective-
ness.
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Table 14: Summary of Key Notations in FOCAL

Symbol Description

D The ECG-report multimodal dataset
Xi The i-th 12-lead ECG signal
Ri The clinical report paired with Xi

L, T Number of leads (L = 12) and temporal length of the ECG signal
Ntime Number of non-overlapping patches per lead
N Total number of ECG patches (L×Ntime)
xp
i The p-th flattened ECG patch

d Dimension of the latent projection space
ep
lead, e

p
time Learnable lead and temporal embeddings for the p-th patch

Hi,h
p
i Fine-grained patch embedding matrix and the p-th patch embedding

Ti Set of independent tags extracted from report Ri

mi Number of clinical tags in report Ri

Zi, z
j
i Tag-level representation matrix and the j-th tag embedding

C, Cj,p Cost matrix and the cosine distance between the j-th tag and p-th patch
T, T̂j,p Optimal transport plan and its normalized form
a,b Prior marginal distributions for tags and ECG patches
ϵ, τ Hyperparameters for entropic regularization and KL divergence penalty
ej
i Tag-specific ECG representation routed via Semi-UOT

B,K Batch size and the total number of tags in a batch
S Semantic similarity matrix computed from text tag embeddings
t Learnable temperature parameter for contrastive learning
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ID: p14578883/s43946433/43946433
Report: Atrial fibrillation., Right bundle branch block, Abnormal ECG
LLM Output:
Here is the list of waveform features organized into a Python list:

```
waveform_features = [
    "Irregularly irregular rhythm",
    "Absent or fragmented P-waves",
    "Wide QRS complexes (>120 ms)",
    "Variable RR intervals",
    "Fibrillatory waves (f-waves) or oscillations",
    "Wavy or sawtooth pattern",
    "Notched or slurred R wave in leads I, II, and V5-V6",
    "Inverted or absent R wave in lead V1",
    "Delta wave (slurred upstroke of the QRS complex) in leads I, II, and V5-V6",
    "RSR' pattern in leads V1-V3",
    "ST segment changes (elevation, depression, or inversion)",
    "T wave changes (inversion, flattening, or peaking)",
    "QT interval prolongation or shortening",
    "PR interval prolongation or shortening",
    "U waves or other abnormal waveforms"
]
```

Note that this list is not exhaustive, and there may be other waveform features that are not 
included here. Additionally, the presence of these features does not necessarily confirm a 
specific diagnosis, and further evaluation and testing may be necessary to establish a 
definitive diagnosis.
Potential Waveform features:
['Irregularly irregular rhythm', 'Absent or fragmented P-waves', 'Wide QRS complexes (>120 
ms)', 'Variable RR intervals', 'Fibrillatory waves (f-waves) or oscillations', 'Wavy or sawtooth 
pattern', 'Notched or slurred R wave in leads I, II, and V5-V6', 'Inverted or absent R wave in 
lead V1', 'Delta wave (slurred upstroke of the QRS complex) in leads I, II, and V5-V6', "RSR' 
pattern in leads V1-V3", 'ST segment changes (elevation, depression, or inversion)', 'T wave 
changes (inversion, flattening, or peaking)', 'QT interval prolongation or shortening', 'PR 
interval prolongation or shortening', 'U waves or other abnormal waveforms']
Probility:
[0.985297, 0.49500474, 0.95943975, 0.9952996, 0.96285915, 0.84171605, 0.88279337, 
0.9455562, 0.98828167, 0.99366695, 0.62816966, 0.9148475, 0.99069655, 0.049276203, 
0.9565827]
Fine-Grained Report: Atrial fibrillation., Right bundle branch block, Abnormal ECG, 
I r regu la r l y  i r regu la r  rhy thm,Wide  QRS comp lexes  (>120  ms) ,Var iab le  RR 
intervals,Fibrillatory waves (f-waves) or oscillations,Delta wave (slurred upstroke of the QRS 
complex) in leads I, II, and V5-V6,RSR' pattern in leads V1-V3,QT interval prolongation or 
shortening,U waves or other abnormal waveforms

Figure 5: Running Case1 with Atrial fibrillation and Right bundle branch block.
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ID: p11799366/s45322712/45322712
Report: Probable atrial fibrillation, ventricular couplets, Long QTc interval, Ant/septal+lateral 
ST-T changes suggest myocardial infarction, Repolarization changes may be partly due to 
rhythm, Abnormal ECG
LLM Output:
Here is the list of waveform features organized in a Python list:

```
waveform_features = [
    "Irregularly irregular rhythm",
    "Absent or fragmented P waves",
    "Fibrillatory waves (f-waves) or oscillations in the atrial region",
    "Premature ventricular contractions (PVCs) with a different morphology from the normal 
QRS complex",
    "Ventricular couplets: two consecutive PVCs with a normal QRS complex in between",
    "Long QTc interval (> 440 ms for men, > 460 ms for women)",
    "Abnormal T-wave morphology (e.g., 'saddle-shaped' or 'inverted' T-wave)",
    "ST-segment elevation or depression in anteroseptal and lateral leads (e.g., V1-V3, I, 
aVL)",
    "T-wave inversion or abnormal T-wave morphology in anteroseptal and lateral leads",
    "Abnormal QRS complex morphology (e.g., wide or bizarre QRS complexes)",
    "Prolonged PR interval",
    "Abnormal QRS axis"
]
```

Note that I've kept the descriptions concise and focused on the key features, as they would 
be in a clinical setting.
Potential Waveform features:
['Irregularly irregular rhythm', 'Absent or fragmented P waves', 'Fibrillatory waves (f-waves) 
or oscillations in the atrial region', 'Premature ventricular contractions (PVCs) with a different 
morphology from the normal QRS complex', 'Ventricular couplets: two consecutive PVCs 
with a normal QRS complex in between', 'Long QTc interval (> 440 ms for men, > 460 ms for 
women)', "Abnormal T-wave morphology (e.g., 'saddle-shaped' or 'inverted' T-wave)", 'ST-
segment elevation or depression in anteroseptal and lateral leads (e.g., V1-V3, I, aVL)', 'T-
wave inversion or abnormal T-wave morphology in anteroseptal and lateral leads', 'Abnormal 
QRS complex morphology (e.g., wide or bizarre QRS complexes)', 'Prolonged PR interval', 
'Abnormal QRS axis']
Probility:
[0.9616148, 0.9832206, 0.9936021, 0.9954572, 0.9854593, 0.99531144, 0.9919208, 
0.9786107, 0.99453413, 0.99271095, 0.27789757, 0.51983744]
Fine-Grained Report: Probable atrial fibrillation, ventricular couplets, Long QTc interval, 
Ant/septal+lateral ST-T changes suggest myocardial infarction, Repolarization changes may 
be partly due to rhythm, Abnormal ECG, Irregularly irregular rhythm,Absent or fragmented P 
waves,Fibrillatory waves (f-waves) or oscillations in the atrial region,Premature ventricular 
contractions (PVCs) with a different morphology from the normal QRS complex,Ventricular 
couplets: two consecutive PVCs with a normal QRS complex in between,Long QTc interval 
(> 440 ms for men, > 460 ms for women),Abnormal T-wave morphology (e.g., 'saddle-
shaped' or 'inverted' T-wave),ST-segment elevation or depression in anteroseptal and lateral 
leads (e.g., V1-V3, I, aVL),T-wave inversion or abnormal T-wave morphology in anteroseptal 
and lateral leads,Abnormal QRS complex morphology (e.g., wide or bizarre QRS complexes)

Figure 6: Running Case2 with Myocardial Infarction.
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ID: p10474653/s42221714/42221714
Report: Sinus rhythm, Left anterior fascicular block, Possible septal infarct - age 
undetermined, Left ventricular hypertrophy, Lateral T wave changes are probably due to 
ventricular hypertrophy, Abnormal ECG
LLM Output: 
Here is the list of waveform features organized in a Python list:

```
waveform_features = [
    "Sinus rhythm",
    "Left axis deviation (LAD) >30°",
    "Q waves in leads I, II, or V5-V6",
    "ST segment depression in leads I, II, or V5-V6",
    "T wave inversion in leads I, II, or V5-V6",
    "Increased amplitude of the QRS complex (>3.5 mm) in leads I, II, or V5-V6",
    "Increased duration of the QRS complex (>120 ms)",
    "Deep S waves in leads I, II, or V5-V6",
    "T wave inversion or flattening in leads I, aVL, V5, and V6",
    "ST segment elevation or depression in other leads",
    "Prolonged QT interval",
    "Abnormal P wave morphology or axis"
]
```

Note that I've tried to be as specific as possible when describing each waveform feature, but 
some features may overlap or be related to each other.
Potential Waveform features:
['Sinus rhythm', 'Left axis deviation (LAD) >30°', 'Q waves in leads I, II, or V5-V6', 'ST 
segment depression in leads I, II, or V5-V6', 'T wave inversion in leads I, II, or V5-V6', 
'Increased amplitude of the QRS complex (>3.5 mm) in leads I, II, or V5-V6', 'Increased 
duration of the QRS complex (>120 ms)', 'Deep S waves in leads I, II, or V5-V6', 'T wave 
inversion or flattening in leads I, aVL, V5, and V6', 'ST segment elevation or depression in 
other leads', 'Prolonged QT interval', 'Abnormal P wave morphology or axis']
Probility:
[0.9861351, 0.5359271, 0.33153382, 0.71545005, 0.49900547, 0.42786044, 0.61200434, 
0.18875751, 0.8920379, 0.78382677, 0.88176095]
Fine-Grained Report: Sinus rhythm, Left anterior fascicular block, Possible septal infarct - 
age undetermined, Left ventricular hypertrophy, Lateral T wave changes are probably due to 
ventricular hypertrophy, Abnormal ECG, Left axis deviation (LAD) >30°

Figure 7: Running Case3 with Hypertrophy.
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Inverted T-waves

Low QRS voltages

Figure 8: Top 3 retrieved ECG using FOCAL.
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