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Abstract

ECG-Language Models (ELMs) extend recent
progress in Multimodal Large Language Mod-
els (MLLMs) to automated ECG interpretation.
However, most ELMs follow Vision—Language
Model (VLM) designs and depend on pre-
trained ECG encoders, adding architectural
and training complexity. Inspired by encoder-
free VLMs, we introduce ELF, an encoder-free
ELM that replaces the ECG encoder with a
single projection layer trained jointly with the
LLM. Across five datasets, ELF matches or ex-
ceeds state-of-the-art ELMs that use far more
complex encoders and training pipelines. We
also test whether adding architectural biases
to ELF improves performance and find that
the single linear projection remains competi-
tive. Finally, we show that ELF, and potentially
other ELMs, often rely more on benchmark ar-
tifacts and language priors than ECG-derived
information, highlighting limitations in current
evaluation practices and ELM design. We will
open-source all code and data upon acceptance.

1 Introduction

The global volume of over 300 million ECGs
recorded annually (Zhu et al., 2020), combined
with the expertise required for accurate interpre-
tation and the growing shortage of physicians
(AAMC, 2024), has created demand for automated
ECG analysis. Recently, the automation of ECG in-
terpretation has advanced from classification-based
models (Rajpurkar et al., 2017) to ECG-Language
Models (ELMs) (Zhao et al., 2024).
Architecturally, ECG-Language Models (ELMs)
are analogous to Vision—Language Models (VLMs)
and generate textual responses from queries com-
posed of text or ECG data (Han et al., 2025). ELMs
differ from VLMs in that, while images are com-
monly represented in RGB format for VLMs, ECG
data can take multiple forms: raw signal values
(Wan et al., 2024), RGB plot images (Liu et al.,
2024b), or symbolic representations (Han et al.,

2024) (See Appendix A). Each representation re-
quires distinct architectural modifications and cor-
responding training regimes.

In VLMs, RGB images are typically processed
by a large neural network (vision encoder), which
is first pretrained on internet-scale image datasets
with its own learning objective (Bai et al., 2025).
The pretrained encoder is then frozen and paired
with a projection layer that maps its output to a la-
tent representation compatible with the Large Lan-
guage Model (LLM) (Liu et al., 2023). Similarly,
many ELM architectures include an ECG encoder
that is separately pretrained on large collections
of ECG data (Li et al., 2025a). As one might ex-
pect, developing an effective encoder, whether for
ECG or vision data, is a complex process that re-
quires careful feature engineering and tuning of
the architecture, learning objectives, and training
procedures.

To address these complexities, Fuyu-8B (Bavishi
et al., 2023), an encoder-free VLM, was introduced.
Unlike conventional VLLMs, Fuyu-8B omits a ded-
icated vision encoder and instead adds a simple
linear projection for patched images. The projec-
tion layer and decoder-only transformer are trained
jointly in an end-to-end manner using an autore-
gressive objective. Fuyu-8B demonstrated that a
vision encoder is not necessary to achieve competi-
tive performance on VLM benchmarks compared
to state-of-the-art (SOTA) VLMs at the time that
relied on intricate vision encoders.

Taking inspiration from Fuyu-8B, we introduce
ELF, an encoder-free ELM that achieves com-
petitive performances against other SOTA ELMs
across five datasets. Unlike Fuyu-8B, which relies
on image patching, and prior ELMs that depend
on pretrained ECG encoders, we show that directly
flattening the ECG signal and mapping it into the
LLM embedding space with a single projection
layer is sufficient. We summarize our main contri-
butions below:
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Figure 1: The Architecture of ELF. Given an ECG signal X € R*X, where C is the number of leads and L
the signal length, we flatten it to # € R®? and project it into a d-dimensional latent vector z = Wz + b, with
W e R¥(CL) and b € R?. The projected ECG embedding is inserted into the textual query embeddings E € R *¢
and processed autoregressively by an LLM to generate outputs y;.7.

1. We introduce ELF, an encoder-free ELM that
maps ECGs into the LLM embedding space using
a single projection layer, achieving competitive per-
formance against far more complex ELMs across
five datasets.

2. We introduce inductive biases into ELF via
patching and convolutional layers, and find that
the original single linear projection performs com-
parably to these more complex variants.

3. We examine ELF’s dependence on the ECG
modality and find that performance is often driven
more by benchmark artifacts and language priors
than by the ECG signal itself.

2 Related Works

2.1 ECG-Language Models

The automation of ECG analysis is advancing to-
ward generative approaches with ELMs (Han et al.,
2025). Previous ECG classification systems are
limited to outputting probability scores for a fixed
set of diagnostic labels (Qiu et al., 2023a; Han-
nun et al., 2019; Qiu et al., 2023b; Martin et al.,
2021; Strodthoff et al., 2021; Liu et al., 2024a; Na
et al., 2024; Choi et al., 2023; Jin et al., 2025). In
contrast, ELMs can process both text and ECG
inputs and generate free-form textual responses
conditioned on the given input. Thus, ELMs not
only inherit the capabilities of classification sys-
tems but also extend them to more general tasks,

such as human interaction through text and clin-
ically relevant applications like ECG waveform
analysis, patient context inference, and treatment
planning. This broad potential motivates the tran-
sition from classification-based ECG analysis to
generative approaches with ELMs.

Although promising, ELMs remain in their early
stages, with most prior works still exploring dif-
ferent ECG representations, architectures, learning
objectives, and training regimes (Lan et al., 2025;
Zhao et al., 2024; Song et al., 2025). Due to their
similarity to VLMs, many studies first train a strong
ECGe-specific encoder, then pair the pretrained en-
coder with a pretrained LLM for natural language
generation (NLG) (Li et al., 2025a). However, this
approach requires substantial ECG data and com-
putational resources to train an effective encoder.
To address this limitation, recent works have pro-
posed more efficient designs. MEIT (Wan et al.,
2024), for instance, employs a lightweight ECG
encoder composed of several 1-D convolutional
layers with batch normalization (Ioffe and Szegedy,
2015), ReLU (Fukushima, 1969), and average pool-
ing, trained end-to-end with the LLM. Another
approach explores non-learning-based methods,
such as applying Byte-Pair Encoding (BPE) (Gage,
1994) to tokenize the ECG signal and directly con-
catenate it with text query tokens (Han et al., 2024).
We benchmark ELF against many of the recent de-



velopments in ELMs and showcase that a single
projection layer is enough to maintain competitive
performances.

2.2 Encoder-Free Vision-Language Models

Fuyu-8B (Bavishi et al., 2023) is one of the first
encoder-free VLMs developed. In their work, the
authors note that existing VLMs are overly com-
plex, typically requiring separate image encoders,
multi-stage training, and intricate connector mod-
ules. Fuyu-8B employs a simple decoder-only
transformer where image patches are linearly pro-
jected into the first transformer layer. When bench-
marked against state-of-the-art VLMs at the time,
Fuyu-8B achieved competitive performance. We
adopt the same motivation in developing ELF.

Since Fuyu-8B, there have been several advances
in encoder-free VLMs (Diao et al., 2024; Team,
2025; Diao et al., 2025). However, we observed
that the “connector” between the image and the
LLM has grown increasingly complex, resembling
a vision encoder. This trend undermines the origi-
nal motivation behind encoder-free VLMs: simplic-
ity. Therefore, in our work, we conduct most ex-
periments using the architecture shown in Figure 1,
where only a linear projection is used and jointly
trained with the LLM. Additional experiments with
slight architectural variations are reported in Ta-
ble 4.

3 Methods

3.1 Datasets

We use preprocessed 12-lead, 5-second ECGs sam-
pled at 250 Hz with 70:30 training/testing splits
across five datasets that comprise of ECGs and
text: 1) PULSE ECG-Instruct (Liu et al., 2024b),
2) PULSE ECG-Bench (Liu et al., 2024b), 3) ECG-
Chat Instruct (Zhao et al., 2024), 4) PTB-XL (Wag-
ner et al., 2020) ECG-QA (Oh et al., 2023), and
5) MIMIC-IV-ECG (Johnson et al., 2023) ECG-
QA. These datasets are derived from ECG record-
ings originating from 1) MIMIC-IV-ECG (Johnson
et al., 2023), 2) PTB-XL (Wagner et al., 2020), 3)
CODE-15% (Ribeiro et al., 2021), 4) CSN (Zheng
etal., 2020), and 5) CPSC (Andres et al., 2022). We
note ECG-QA (Oh et al., 2023) contains three pri-
mary question types: single-verify, single-choose,
and single-query. It also includes comparison-style
questions, however we do not consider them in this
study.

3.2 ECG-Language Models’ Components

We describe the various ELM components utilized
throughout the study for comparative baselines be-
low.

ECG Tokenizer We utilize ECG-Byte (Han
et al., 2024) as the ECG Tokenizer. The tokenizer
is trained for 5000 merges with 300,000 randomly
sampled, preprocessed, 10-second ECGs from the
MIMIC-IV-ECG dataset. Deviating from the origi-
nal work (Han et al., 2024) which globally normal-
izes ECGs using dataset-wide percentiles, we in-
stead employ instance normalization, scaling each
ECG individually to the range [0, 1]. We refer to
this representation as the ECG Symbol representa-
tion.

ECG Encoder We utilize 2 SOTA encoders
specifically designed for ECGs (thus utilizing the
ECG Signal representation): ST-MEM (Na et al.,
2024) and MERL (Liu et al., 2024a). Each en-
coder is pretrained using the Adam (Kingma and
Ba, 2017) optimizer with learning rate 4e-5 and
weight decay le-4. Training is conducted over
50 epochs with a batch size of 256 on 800,000 5-
second instances of the MIMIC-IV-ECG dataset.
All encoders are trained using two NVIDIA A6000
(48 GB) GPUs.

Vision Encoder We use the following vision en-
coders pretrained on internet-scale image data: 1)
CLIP' (Radford et al., 2021), 2) ViT? (Dosovitskiy
et al., 2021), and 3) SigLIP? (Zhai et al., 2023).
Due to the vision encoders being pretrained already,
we apply them out of the box for both ECG Stacked
Signal and ECG Image representations.

Large Language Models We use the Llama-3.2-
1B-Instruct* checkpoint (Grattafiori et al., 2024)
accessed via the HuggingFace API (Wolf et al.,
2020) for all experiments unless stated otherwise.
We report results for other LLMs (i.e., Qwen2.5-
1.5B-Instruct® and gemma-2-2b-it®) in Table 3. All
LLMs are initialized with their default hyperparam-
eters.

We train all LLMs on 400,000 training examples.
In cases where a dataset contains less than 400,000
instances, the full split is used. We use the Adam
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(Kingma and Ba, 2017) optimizer with learning
rate le-4, weight decay le-2, 51 = 0.9, S = 0.99,
and € = le — 8. We employ LoRA (Hu et al., 2021)
with rank 16, ar,ra = 32, and dropout 0.05. We
use a batch size of 2 with 5 second 12-lead ECGs,
max input sequence length of 1024, and warm-up
of 500 steps.

Lastly, we use the gpt-5-mini model via the
OpenAl API (OpenAl, 2025) and the OpenTSLM
model” (Langer et al., 2025) to perform zero-shot
evaluations on the PTB-XL ECG-QA dataset (Ta-
ble 2). This experiment aims to establish a base-
line against SOTA models in both general vision-
language and time-series domains. Although these
models are not trained on our PTB-XL ECG-QA
splits, this comparison helps contextualize where
ELF stands relative to these SOTA models. For
gpt-5-mini, we use the ECG image representation
and apply the system prompt shown in Appendix C.
OpenTSLM is trained on five datasets through a
multi-stage curriculum learning framework, includ-
ing the ECG-QA chain-of-thought (CoT) dataset.
Langer et al. (2025) provide a pre- and post-prompt
template for their curated ECG-QA CoT dataset.
This dataset extends PTB-XL ECG-QA by adding
CoT rationales generated with GPT-40 (OpenAl
et al., 2024). We use the same pre- and post-
prompts applied during OpenTSLM’s training and
include them in Appendix B.

3.3 Learning Objective

As seen in Figure 1, we define the learning objec-
tive of ELF in more detail. Given an ECG signal
X € RE*L where C denotes the number of leads
and L the signal length, we flatten it into a vector
x € RY" and project it into a d-dimensional latent
representation:

z=Waz+Db, W e R™*(CL) p e R

The projected ECG embedding z is inserted into
the textual query embeddings £ € RT*? at the
position of a special placeholder token <signal>,
forming the input sequence to a LLM. T" denotes
the number of textual tokens. The model is trained
autoregressively to maximize the likelihood of gen-
erating the response tokens y;.7 conditioned on
both the ECG signal and the query:

T
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Figure 2: Averaged accuracy across three random seeds
for each ELM on three datasets. All ELMs use the
Llama-3.2-1B-Instruct backbone; best results are high-
lighted in yellow.

where 6 denotes the model parameters. We mask
out all tokens besides the response and end-of-
sequence tokens when calculating LaR.

For other baseline ELMs, we follow the same ex-
act learning objective formulation only differing in
ECG representation (i.e., ECG signal, ECG Image,
ECG Symbol, ECG Stacked) and their correspond-
ing encoding schemas (i.e., ECG-Byte, ViT, CLIP,
SigL.IP, ST-MEM, MERL). We also note the pro-
jected ECG embedding z for ELF, ECG Encoders,
and Vision Encoders all have a sequence length
of 1, representing a singular "token". We adopt
this design choice based on findings in the VLM
literature, where prior work shows that reducing
visual tokens, even down to a single token, can still
preserve strong performance (Li et al., 2025b; Lau-
rengon et al., 2024). We provide the conversation
template and system prompt used throughout the
experiments in Appendix B and C respectively.
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Figure 3: We compare ELF’s performance against
strong ELMs with dedicated encoders when evaluating
across increasing steps trained. All results are averaged
across three random seeds and trained/evaluated on the
PTB-XL ECG-QA dataset.

3.4 Evaluation

We evaluate all models on 20,000 test examples
repeated over three random seeds, reporting per-
formance on the following text generation metrics:
BLEU-4 (Papineni et al., 2002), METEOR (Baner-
jee and Lavie, 2005), ROUGE-L (Lin, 2004), and
BertScore F1 (Zhang et al., 2020). We also report
accuracy, the proportion of generated responses
that exactly match the ground truth (i.e., exact
string matching). All metrics are in percentage
form.

4 Results

4.1 Baselines

We assess the accuracy of ELF with 9 other base-
line ELMs across three datasets in Figure 2. We
provide a tabular form of Figure 2 with standard
deviations and additional metrics in Table 11 of
Appendix D.1. We observe that ELMs such as
ECG-Byte, Llama-3.2-1B-Instruct + ViT (ECG Im-
age), and Llama-3.2-1B-Instruct + SigLIP (ECG
Stacked) achieve the highest accuracies within their
respective datasets. However, overall, all ELMs,
including ELF, demonstrate comparable perfor-
mance across the three datasets. Although top-
performing models, such as Llama-3.2-1B-Instruct

+ ViT (ECG Image) and Llama-3.2-1B-Instruct +
SigLIP (ECG Stacked), leverage complex encoders
and training strategies, we observe ELF remains
competitive. Lastly, we include successful and
failed generations of ELF across the three datasets
in Tables 9 and 10 of the Appendix.

We conduct two additional experiments com-
paring ELF, Llama-3.2-1B-Instruct + MERL, and
Llama-3.2-1B-Instruct + CLIP (ECG Image). Fig-
ure 3 reports BLEU-4 and accuracy scores eval-
uated at different training steps. We observe
that all three models follow similar performance
trends throughout training. The second experiment,
shown in Table 1, reports the BLEU-4 and accuracy
scores when training and evaluating on the PULSE
ECG-Instruct and PULSE ECG-Bench datasets re-
spectively. In this setting, we observe ELF is able to
achieve the highest BLEU-4 and accuracy scores.

Table 1: Mean + standard deviations over three seeds
trained on PULSE ECG-Instruct (Liu et al., 2024b) and
evaluated on PULSE ECG-Bench (Liu et al., 2024b).

ELM ECG Representation ~ BLEU-4 Accuracy

Llama-3.2-1B-Instruct + CLIP ECG Image 0.33+£0.06 4.82+0.11
Llama-3.2-1B-Instruct + MERL ECG Signal 0.12+0.01 5.49+0.08
ELF ECG Signal 1.25+0.03 8.06+0.10

Table 2: Comparing ELF against gpt-5-mini (OpenAl,
2025) and OpenTSLM (Langer et al., 2025) on the PTB-
XL ECG-QA dataset. We report mean + standard devia-
tions calculated over three seeds.

Models ECG Representation BLEU-4 Accuracy

gpt-5-mini ECG Image 1526 £0.09 24.53+0.11
OpenTSLM ECG Signal 20.03 +0.08 18.55+0.09
ELF ECG Signal 16.18 £0.32  31.43+£0.30

Lastly, we compare ELF against gpt-5-mini
(OpenAl, 2025) and OpenTSLM (Langer et al.,
2025) on the PTB-XL ECG-QA dataset. Both
models are evaluated in a zero-shot setting, and
this experiment is intended only to position ELF
relative to SOTA vision-language and time-series
models. We note that (1) gpt-5-mini is a SOTA
vision-language model, so using the RGB ECG
image representation, we anticipated strong per-
formance, and (2) OpenTSLM was trained on the
ECG-QA-CoT dataset, which is derived from PTB-
XL ECG-QA, so potential overlap between its train-
ing and our evaluation set suggested it might also
perform well. We find that ELF attains the highest
accuracy despite its far smaller training data and
simpler architecture, while OpenTSLM achieves
the best BLEU-4 score.



Table 3: We report performances on swapping the LLM.
Reported mean + standard deviations are over three
seeds evaluated on PTB-XL ECG-QA.

ELMs BLEU-4 Accuracy

Llama-3.2-1B-Instruct + CLIP 16.68 + 0.27 31.49+0.17
Llama-3.2-1B-Instruct + MERL ~ 16.36 £ 0.05 32.05 + 0.49
Llama-3.2-1B-Instruct + ELF 16.18 £0.32 31.43+0.30
Qwen2.5-1.5B-Instruct + CLIP 14.62 £0.78 34.89 £0.36
Qwen2.5-1.5B-Instruct + MERL  16.58 + 0.44 31.74 +£0.05
Qwen2.5-1.5B-Instruct + ELF 9.70+£0.45 38.81 +0.48
gemma-2-2b-it + CLIP 14.62 £0.78 34.89 +0.36
gemma-2-2b-it + MERL 1545 +0.88 35.10+0.34
gemma-2-2b-it + ELF 15.07 £0.68 36.69 = 0.37

4.2 Ablation Study on LLM Variants

We show averaged BLEU-4 and accuracy scores
when swapping the LLM for different ELM archi-
tectures in Table 3. Llama-3.2-1B-Instruct with
CLIP achieves the highest BLEU-4 score, while
Qwen2.5-1.5B-Instruct with ELF achieves the high-
est accuracy. However, overall, the performance
gaps across ELMs and their varying LLM back-
bones remain modest.

Table 4: Observing tradeoffs in performances for ELF
variants. Reported mean =+ standard deviations are calcu-
lated over three seeds evaluated on PTB-XL ECG-QA.

ELF Variants BLEU-4 Accuracy

Base ELF 16.18 £0.32 31.43+£0.30
Patch ELF 16.99 +0.10 31.75+0.22
Conv. ELF 16.22+£0.29 32.31 £0.35

4.3 Ablation Study on ELF Variants

Table 4 examines several architectural variants of
ELF. These experiments are motivated by recent
encoder-free VLMs (Diao et al., 2024), where
techniques such as image patching and adding
lightweight modules to the single projection layer
(e.g., cross-attention, adaptive pooling) improved
visual understanding over Fuyu-8B (Bavishi et al.,
2023). However, as noted in subsection 2.2, intro-
ducing additional modules undermines the origi-
nal simplicity that motivates Fuyu-8B. Thus, we
present two minimal extensions to ELF: Patch ELF
and Conv. ELF. In Table 4, Base ELF refers to
the standard single-projection version described in
subsection 3.3.

Patch ELF extends Base ELF by applying a
patching strategy, partitioning the ECG signal X €
RE*L into N = L/L, non-overlapping patches,

where L, is the patch size, and each patch is rep-
resented as X; € RE*Lr fori = 1,..., N. Each
patch is flattened into 2; € R¢‘» and projected
using a shared linear projection layer W. We pre-
pare IV consecutive placeholder tokens <signal;>
fori =1,..., N, and the projected embedding for
each patch is inserted into the input sequence at the
position of its corresponding <signal;> token. The
Patch ELF variant investigates whether dividing the
ECG signal into fixed-size patches, producing a se-
quence of tokens analogous to patching in VLMs,
leads to improved performance.

Conv. ELF adds additional complexity to Patch
ELF by replacing the linear projection with a series
of convolutional layers. Given a sequence of input
patches X; € R¢*L», Conv. ELF applies two
1D convolutions along the temporal dimension L,,,
treating the C' leads as separate input channels,
followed by global average pooling Pool() and a
linear projection W to the LLM hidden dimension:

z; = W Pool(G(X;)) + b,

where G denotes the two convolutional layers.
Each patch latent vector z; is then inserted into
the input sequence following the same procedure
as Patch ELF. The Conv. ELF variant investigates
whether introducing both patching and temporal
convolutions, thereby encoding simple inductive
biases, can better extract ECG features and improve
performance.

Table 4 shows that the Base ELF achieves only
marginally lower BLEU-4 and accuracy than the
more complex Patch and Conv. ELF variants. The
minimal performance differences between the vari-
ants suggests that injecting additional inductive
biases into ELF does not yield significant perfor-
mance gains.

Table 5: We selectively train ELF’s components and
report mean * standard deviation over three seeds when
evaluating on the PTB-XL ECG-QA and ECG-Chat
Instruct datasets. v'indicates the corresponding compo-
nent was set as trainable.

Dataset Components

BLEU-4 Accuracy
LLM Projection Layer W

0.11+0.00  0.00 +0.00

v 1631 £0.09 32.46+0.25

PTB-XL ECG-QA v 10.09 £0.45 34.82+0.26
v v 16.18+0.32 31.43+0.30

426+0.04  0.39+0.03

2551019 14.50 0.09

ECG-Chat Instruct v 1873 £0.06 6.96+0.12
v v 25.63+0.26 14.55+0.04




4.4 Selectively Training ELF Components

We study the effect of selectively training ELF com-
ponents in Table 5. Freezing both the LLM and
projection layer W causes performance to collapse
on both datasets, indicating that at least one train-
able component is necessary.

On PTB-XL ECG-QA, accuracy is largely insen-
sitive once either module is trainable, while BLEU-
4 depends strongly on which component is updated.
Training the LLM with W frozen yields the high-
est BLEU-4, whereas training only W achieves the
best accuracy but substantially lower BLEU-4.

On ECG-Chat Instruct, both metrics depend on
the trained components. Training only W underper-
forms training the LLM (accuracy 6.96 vs. 14.50;
BLEU-4 18.73 vs. 25.51), while jointly training
both yields the best overall results but is nearly
indistinguishable from training the LLM alone.

4.5 ELF’s Reaction Under Three
Training/Inference Conditions

We observe ELF’s accuracy under three training
and inference conditions with the PTB-XL ECG-
QA and ECG-Chat Instruct datasets in Figure 4
and Table 6 respectively. The three conditions are
defined as the following:

ECG Signal: The regular ECG Signal and corre-
sponding textual query is used as input.

Zeros Tensor: A tensor of the same shape as the
regular ECG Signal filled with zeros is used as in-
put, alongside the textual query.

Only Text: The ECG Signal is completely omitted
and only the textual query is used as input. We note
only the input is modified, and the architecture of
ELF remains the same.

The motivation behind these conditions is to
probe whether ELF leverages the ECG signal
modality or relies predominantly on language pri-
ors learned during pretraining of the LLM. We
also draw inspiration from Cambrian-1 (Tong et al.,
2024), which evaluated performance with and with-
out visual input. The results showed less than a 5%
difference between the two settings, suggesting that
some benchmarks may not meaningfully depend
on visual information and instead primarily test the
language model’s reasoning ability.

Let’s first take a look at the results in Figure 4.
When trained under normal conditions (i.e., us-
ing the ECG Signal), ELF exhibits the expected
performance drop when evaluated with the Zeros
Tensor or Only Text inputs. However, training

ELF Accuracy Under Three
Training and Inference Conditions

ECG Signal 0.00

Zeros Tensor

Accuracy

Training Condition

Only Text

ECG Signal Zeros Tensor Only Text
Inference Condition

Figure 4: We train and inference ELF under three train-
ing and inference conditions: 1) ECG Signal, 2) Zeros
Tensor, and 3) Only Text. All reported results are aver-
aged across three random seeds on the PTB-XL ECG-
QA dataset.

and inferencing with the Zeros Tensor still results
in relatively high accuracy (28.05%), and training
and inferencing with Only Text achieves 30.05%,
which is comparable to performance under normal
conditions. Additionally, training with Only Text
and inferencing with the ECG Signal produces even
higher accuracy than the standard setting (37.09%).

Table 6: We train ELF with ECG Signals as inputs
and report mean =+ standard deviations over three seeds
when evaluating with Zeros Tensor and Only Text on the
ECG-Chat Instruct dataset. We also report the results
under the normal inference condition (ECG Signal) for
comparison.

Inference Condition BLEU-4 Accuracy

ECG Signal 25.63 +0.26 14.55+0.04
Zeros Tensor 2526 +£0.07 13.95+0.11
Only Text 2490 +0.07 13.74+0.10

This phenomenon seems to hold when ELF is
trained on the ECG-Chat Instruct dataset (Table 6).
We train ELF with regular ECG Signal inputs and
inference under all three conditions. We observe
that ELF demonstrates similar performances across
all three conditions.

We also evaluated Llama-3.2-1B-Instruct +
CLIP (trained on regular ECG images), gpt-5-mini,
and OpenTSLM using Zeros Tensor inputs and re-
port the results in Table 7. For clarity, gpt-5-mini
and OpenTSLM are not trained; we simply evaluate
them out-of-the-box under the Zeros Tensor infer-
ence condition. For Llama-3.2-1B-Instruct + CLIP,
using the Zeros Tensor during inference leads to



Table 7: We evaluate SOTA vision (gpt-5-mini) and
time-series (OpenTSLM) language models under the
Zeros Tensor inference condition and report accuracy
(mean =+ standard deviation across three seeds) on the
PTB-XL ECG-QA dataset. We also include results
from training the Llama-3.2-1B-Instruct + CLIP ELM
on standard ECG images and evaluating it under the
Zeros Tensor condition.

Model ECG Representation ~ Zeros Tensor  Accuracy

Llama-3.2-1B-Instruct + CLIP ECG Image 3149017
v 2831£0.13
gpt-5-mini ECG Image 2453 +0.11
v 14.69 + 0.08
OpenTSLM ECG Signal 18.55 +0.09
v 15.83 £0.14

a slight accuracy drop, though the difference be-
tween the regular ECG image and Zeros Tensor
conditions remains small. OpenTSLM also shows
a moderate accuracy reduction, similar to Llama-
3.2-1B-Instruct + CLIP. Interestingly, gpt-5-mini
shows a larger drop in performance when com-
paring the accuracy between regular ECG-Image
inputs and Zeros Tensor inputs (24.53 — 14.69).
After observing the results in Figure 4 and Ta-
bles 6 and 7, we draw the following conclusion:
current ELMs are not meaningfully leveraging the
ECG signal for accurate responses. ELF’s perfor-
mance remains largely unchanged when the ECG
signal is omitted (Only Text) or replaced with zeros
(Zeros Tensor), and OpenTSLM shows a similarly
small change under the Zeros Tensor condition. In
contrast, gpt-5-mini experiences a substantial ac-
curacy drop when the ECG input is replaced with
a Zeros Tensor, suggesting it may be responding
to aspects of the ECG Image itself, as the plot-
ted input would appear as flatlines across all leads.
Overall, these results indicate that the text com-
ponent remains the most consistently informative
part of the sequence and that simple perturbation-
based evaluations can help reveal whether ELMs
are meaningfully engaging with the ECG modality,
providing a direction for further investigation.

5 Discussion and Conclusions

In this work, we examined whether the architec-
tural complexity common in recent ELMs is neces-
sary for strong NLG performance. We introduced
ELF, an encoder-free ELM that replaces the ECG
encoder with a single jointly trained projection
layer, and showed that this design attains perfor-
mance comparable to or better than models that rely

on separately pretrained ECG or vision encoders.
Across five datasets and multiple backbones, per-
formance gaps between ELF and stronger encoder-
based baselines remained modest, suggesting that
a single projection is sufficient for current ECG-
language tasks.

Our architectural ablations reinforce this find-
ing. Patch ELF and Conv. ELF introduce induc-
tive biases through patching and temporal convo-
lutions, yet yield only minor changes in BLEU-
4 and accuracy relative to Base ELF. Swapping
LLM backbones shifts absolute performance but
does not meaningfully alter the relative behavior
of encoder-free and encoder-based ELMs. These
results suggest that, under current experimental
conditions, overall model capacity and language
modeling ability dominate performance, with the
choice of ECG connector or encoder playing a mi-
nor role. As a result, encoder complexity can often
be reduced without sacrificing NLG performance
(Li et al., 2025b; Bavishi et al., 2023).

The perturbation experiments highlight a deeper
issue regarding how ELMs interact with ECG in-
puts. When the ECG is zeroed out or removed, ELF
retains unexpectedly high accuracy. Llama-3.2-1B-
Instruct + CLIP and OpenTSLM show similar be-
haviors under Zeros Tensor inputs. In contrast, gpt-
5-mini exhibits larger degradation for ECG images,
indicating some genuine sensitivity to the visual
modality. Overall, these patterns suggest that the
text component often dominates ELM performance
and that existing ECG and text benchmarks may
not reliably enforce dependence on the ECG signal
(Tong et al., 2024). We view these perturbation
tests as a practical diagnostic tool for assessing
whether ELMs genuinely use the ECG or rely pri-
marily on language priors.

In conclusion, our findings point to a broader
opportunity for the ELM community. Encoder-free
designs such as ELF appear sufficient for current
ECG-text tasks, yet our perturbation analyses in-
dicate that stronger benchmarks will be necessary
to ensure that ELMs faithfully use ECG informa-
tion. We believe that future progress will benefit
from more carefully curated evaluation settings
that place clearer demands on ECG understanding,
enabling models to demonstrate not only strong lan-
guage generation but also meaningful engagement
with the underlying physiological signal.



Limitations

We highlight two overarching concerns. First, the
perturbation experiments indicate that many ELMs
do not extract meaningful features from the ECG
signal and instead rely heavily on language priors
learned during LM pretraining (Figure 4). Sec-
ond, progress is limited by the lack of high-quality
datasets that demand coherent ECG understanding.
Performance on single-verify and single-choose
categories from the ECG-QA datasets can be in-
flated. A model that always predicts the majority
choice, such as always answering “yes” or always
selecting the first option, can match the underly-
ing label frequency and achieve deceptively high
accuracy. More naturalistic ECG and text datasets
are available (e.g., ECG-Chat Instruct) but after
careful examination, many examples still contain
clinically irrelevant text. This is partly due to the
fact that most ECG and text datasets rely on pro-
prietary LLMs for generation. Achieving a true
“GPT moment” for ELMs will require ECG and
text datasets curated with the same rigor that is ap-
plied to large-scale text and vision corpora used for
general-domain LLMs and MLLMs.
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A ECG Representations

We summarize and modify the definitions of each
ECG representation provided in Han et al. (2025).

ECG Signal. The raw ECG signal is denoted as
Xsig € RE*L where C represents the number of
leads (channels) and L the number of time samples
per lead. All subsequent modalities in this work
are derived from X;,. Most ELMs utilize the ECG
Signal representation (Han et al., 2025; Wan et al.,
2024; Zhao et al., 2024; Li et al., 2025a; Pham
et al., 2025; Langer et al., 2025).

Stacked ECG Signal. To create a three-channel
version of an ECG signal suitable for pretrained
vision-encoders, we replicate X, three times
along the channel dimension, forming a stacked
signal X§, € R3*CXL_ Previous works (Han et al.,
2024, 2025) utilized the Stacked ECG Signal rep-
resentation as input to pretrained vision-encoders,
such as CLIP (Radford et al., 2021), ViT (Dosovit-
skiy et al., 2021), and SigLIP (Zhai et al., 2023).

ECG Image. An ECG image is generated
by plotting X;, and representing it as a tensor
Ximg € REXWXC' "\yhere H and W denote the
image height and width, and C” is the number of
color channels. One can observe that this ECG rep-
resentation integrates naturally with existing VLM
architectures employing vision encoders, as demon-
strated by prior adaptations of VLMs for ECG plot
images (Liu et al., 2024b). Lan et al. (2025) utilized
both the ECG Image and ECG Signal representa-
tion.

ECG Symbol. Using the ECG-Byte compres-
sion schema (Han et al., 2024), each normalized
and discretized ECG signal X, is transformed
into a symbolic sequence over a finite alphabet
A ={a,b,...,z}. This symbolic sequence is flat-
tened into a one-dimensional array Xgymp € ACL,
A byte-pair encoding (BPE) process (Gage, 1994)
is then applied to compress Xymp into a sequence
of discrete tokens from an extended vocabulary V),
yielding the final symbolic representation Xip €
V", where m is the token sequence length.

B Conversation Templates

B.1 Large Language Model Conversation
Templates

We provide the conversation templates for Llama-
3.2-1B-Instruct, gemma-2-2b-it, and Qwen-2.5-
1.5B-Instruct. We also provide the pre- and post-
conversation templates used for the OpenTSLM
model.
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Llama-3.2-1B-Instruct  Conversation
Template

< |begin_of_text| >< [start_header_id| >
system < |end_header_id| >

gsys < leot_id| >< |start_header_id| >
user < |end_header_id| >

< signal >
@1 < J|eot_id| >< |start_header_id| >
assistant < |end_header_id| >

y1 < |eot_id| >< |[start_header_id| >
user < |end_header_id| >

g2 < leot_id| >< |start_header_id| >
assistant < |end_header_id| >

y2 < |eot_id| >

gn < |eot_id| >< |[start_header_id| >
assistant < |end_header_id| >

yn < |eot_id| >

gemma-2-2b-it Conversation Template

< bos >< start_of_turn > user
< signal >

q1 < end_of_turn >

< start_of_turn > model

y1 < end_of_turn >

< start_of_turn > user

qo < end_of_turn >

< start_of_turn > model

1o < end_of_turn >

< start_of_turn > user
qn < end_of_turn >

< start_of_turn > model
Yn < end_of_turn >




Qwen-2.5-1.5B-Instruct Conversation
Template

< |im_start| > system
sys < |im_end| >

< |im_start| > user

< signal >

q1 < |im_end| >

< |im_start| > assistant
y1 < |im_end| >

< |im_start| > user

g2 < |im_end| >

< |im_start| > assistant
y2 < |im_end| >

< |im_start| > user

qn < |im_end| >

< |im_start| > assistant
Yn < |im_end| >

OpenTSLM Pre-Prompt
You are an expert cardiologist analyzing an
ECG (electrocardiogram).

Clinical Context: 12-lead ECG recording.

Your task is to examine the ECG signal and
answer the following medical question:

Question: ¢q

Instructions:

- Begin by analyzing the time series without
assuming a specific answer.

- Think step-by-step about what the
observed patterns suggest regarding the
cardiac condition.

- Write your rationale as a single, natural
paragraph — do not use bullet points,
numbered steps, or section headings.

- Do **not** mention any final answer until
the very end.

- Consider the ECG morphology, intervals,
and any abnormalities that relate to the
question.
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OpenTSLM Post-Prompt

Based on your analysis of the ECG data,
provide your answer.

Make sure that your last word is the answer.
You MUST end your response with "An-

SWeEr:

C System Prompt

We provide the system prompts utilized throughout
the study. Namely, we provide the ELM system
prompt used for all experiments with the Llama-
3.2-1B-Instruct, gemma-2-2b-it, and Qwen-2.5-
1.5B-Instruct models. We also provide the system
prompt used for the gpt-5-mini experiments.

ELM System Prompt

You are an expert multimodal assistant ca-
pable of processing both natural language
text and ECG signals. When you receive
input, first determine if it is text, ECG data,
or both. For ECG signals, interpret them as
time-series data representing cardiac activ-
ity—analyzing features such as heart rate,
rhythm, and potential abnormalities. When
both modalities are present, synthesize the
information to provide integrated, expert
cardiac electrophysiologist-level responses.
Your answers should be precise, concise,
and informed by clinical signal analysis and
natural language understanding. Addition-
ally, if the user asks a general question, you
should answer it as a general assistant.

gpt-5-mini System Prompt

You are an expert multimodal assistant with
advanced knowledge in **clinical cardiac
electrophysiology**.

**ECG Signal Analysis**
- Given the ECG signal plot and question,
provide a concise answer to the question.

**Response Style**

- Deliver responses that are **precise and
concise**.

- Make sure to provide only the answer, no
other text or explanations. For example, if
the answer is "Yes", just simply respond
with "Yes".




D Additional Results

D.1 Tabular Form of Figure 2

We provide the tabular form of Figure 2 with addi-
tional metrics in Table 11.
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Table 8: Question and answer samples for each category from the testing set of ECG-QA.

ECG-QA Dataset

Category

Question

Answer

PTB-XL

single-verify

Is subendocardial injury in anteroseptal
leads detectable from this ECG?

single-choose

What is the diagnostic symptom dis-
played in this ECG, subendocardial
injury in anteroseptal leads or non-
specific st changes, even if there are un-
certain symptoms?

subendocardial injury in anteroseptal leads

single-query

What types of noises are displayed in
lead V3 in this ECG waveform?

baseline drift

MIMIC-IV-ECG

single-verify

Does the pr interval shown on this ECG
fall within the normal range?

no

single-choose

What form-related traits are exhibited
by this ECG in lead V1?

ST Elevation ST(-T) change

single-query

Which form-related symptom does this
ECG show, inverted T-waves or early R

none

wave transition?

Table 9: Successful generations for a given textual query across three datasets.

Dataset Textual Query Generated Response
PTB-XL What are the numerical mea- qtinterval p duration qt corrected
ECG-QA surements of this ECG that fall

above the normal range?
MIMIC- Which form-related symptom none
IV-ECG does this ECG show, low QRS
ECG-QA voltage or poor R wave progres-

sion?
ECG-Chat What is the R wave peak on this The R wave peak is 2445 mV
Instruct ECG?

Table 10: Failed generations for a given textual query across three datasets.
Dataset Textual Query Ground Truth Generated Response
PTB-XL Could you elaborate on the di- non-specific ischemic left ventricular hyper- myocardial infarction in anteroseptal leads
ECG-QA agnostic symptoms present in  trophy left anterior fascicular block non- left anterior fascicular block myocardial in-

this ECG, including those that ~ specific intraventricular conduction distur- farction in inferior leads
are uncertain? bance (block)
MIMIC- Which form-related character- premature atrial complexes ST(-T) change ST-T change due to ventricular hypertrophy
IV-ECG istics are visible in this ECG?  repolarization abnormality multifocal prema- ST(-T) change QRS changes in anteroseptal
ECG-QA ture ventricular complexes ST-T change due leads repolarization abnormality
to ventricular hypertrophy

ECG-Chat What should I know about my Your ECG shows a sinus rhythm, which is  Your ECG shows a sinus rhythm with a right
Instruct ECG? a normal finding, and the overall pattern of bundle branch block (RBBB) and a left an-

the waveforms is consistent with a healthy
heart function. There are no abnormalities or
irregularities in the various indicators, sug-
gesting that your heart’s electrical activity is
functioning properly. Based on this, there
are no signs of any cardiac disease present.

terior fascicular block (LAFB). The overall
interpretation is an abnormal ECG, indicat-
ing potential issues with the heart’s electrical
conduction system. This pattern could sug-
gest underlying cardiac disease or structural
abnormalities in the heart.
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Table 11: Mean + standard deviations over three seeds on the PTB-XL ECG-QA, MIMIC-IV-ECG ECG-QA, and
ECG-Chat Instruct datasets.

Dataset ELM ECG Representation BLEU-4 ROUGE-L METEOR  BertScore F1 Accuracy
ECG-Byte ECG Symbol 1444+0.12 40.89%0.14 2586+0.16 9253+0.08 32.49 +0.09
Llama-3.2-1B-Instruct + ViT 1629+0.16 4146045 27.15+024 9247013 3159048
Llama-3.2-1B-Instruct + SigLIP ECG Image 15712009 41.19£0.10 2686+029 9248008 31.56+0.14
Llama-3.2-1B-Instruct + CLIP 16.68+0.27 4126005 2690+0.15 9251+0.08 31.49+0.17
Llama-3.2-1B-Instruct + ViT 1630032 41022034 2693+039 9245011 3120£033
PTB-XL ECG-QA Llama-3.2-1B-Instruct + SigLIP  ECG Stacked Signal 16.11+0.14 41.68£0.17 27.24+023 92.52+0.09 31.71 +0.08
Llama-3.2-1B-Instruct + CLIP 1615045 4092038 26.68+026 9242£008 31.57+021
Llama-3.2-1B-Instruct + ST-MEM 1646037 4188035 2729012 9250£0.09 32.12+0.31
Llama-3.2-1B-Instruct + MERL ECG Signal 1636005 41642039 27.03+0.18 9252+0.10 32.05+0.49
ELF 16182032 41282034 2694016 9244+0.13 31.43£030
ECG-Byte ECG Symbol 2092+029 4157£050 3073041 91472005 2563044
Llama-3.2-1B-Instruct + ViT 21.88+£0.48 41.69+0.33 28.60+0.19 9142003 26.58 +0.50
Llama-3.2-1B-Instruct + SigLIP ECG Image 2141+026 4139£0.18 2826+0.12 9136004 26.32%0.29
Llama-3.2-1B-Instruct + CLIP 20.85+0.09 41.17£0.26 28.09+0.19 91.38+0.04 26.23+0.40
Llama-3.2-1B-Instruct + ViT 2137+035 4121£033 28.10£0.11 91.39£0.03 26272041
MIMIC-IV-ECG ECG-QA ' | jama-3.2-1B-Instruct + SigLIP  ECG Stacked Signal 21.54£0.09 41.47+045 2835£029 91.40+0.03 26.31%0.52
Llama-3.2-1B-Instruct + CLIP 2061039 41.15+£020 28.04+0.12 91342001 2623+0.24
Llama-3.2-1B-Instruct + ST-MEM 2139+0.11 4124£009 2833+£007 91.3820.02 263120.11
Llama-3.2-1B-Instruct + MERL ECG Signal 21.04£026 41.14£054 2790£042 91322006 26.20%0.49
ELF 2140£027 41314028 28.13£023 91372005 2640%0.38
ECG-Byte ECG Symbol 2570 £0.25 66492020 6334£022 9555+0.03 14.20%0.05
Llama-3.2-1B-Instruct + ViT 2558+0.25 66.63+0.11 63.40+0.14 9555003 14.46+0.09
Llama-3.2-1B-Instruct + SigLIP ECG Image 2553+030 66.63£021 63432023 9555004 14.500.14
Llama-3.2-1B-Instruct + CLIP 2559+033 66.66£0.16 6345+0.15 9555003 1445+0.17
Llama-3.2-1B-Instruct + ViT 2560+022 66.64%0.15 6340+0.15 9555+0.03 14.48+0.06
ECG-Chat Instruct Llama-3.2-1B-Instruct + SigLIP  ECG Stacked Signal 25.63+0.28 66.75+0.10 63.52+0.11 9557+0.03 14.64%0.11
Llama-3.2-1B-Instruct + CLIP 25.64+027 66.79+0.14 63.64%0.15 95.57+0.02 14.57+0.07
Llama-3.2-1B-Instruct + ST-MEM 2554+026 66.63+0.13 63442016 9555003 1444004
Llama-3.2-1B-Instruct + MERL ECG Signal 25.61£031 66.67+0.15 6336+0.16 9555003 14.46+0.09
ELF 25634026 6673+0.16 63.54+0.18 9556+0.03 14.55+0.04
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