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Abstract
Foundation models are reshaping medical imag-
ing, yet their application in echocardiography re-
mains limited, hindered by a heavy reliance on pri-
vate datasets that prevent reproducible comparison.
Echocardiography poses unique challenges, includ-
ing noisy acquisitions, high frame redundancy,
and limited diverse public datasets. To address
this, we introduce CardioBench12, a comprehen-
sive benchmark for echocardiography foundation
models. Specifically, CardioBench unifies eight
publicly available datasets into a standardized suite
spanning four regression and five classification
tasks, covering functional, structural, diagnostic,
and view recognition endpoints. Leveraging this
framework, we evaluate several leading foundation
models, including cardiac-specific, biomedical, and
general-purpose encoders, under consistent zero-
shot, probing, and alignment protocols. Our anal-
ysis reveals that while general-purpose encoders
transfer well and often close the gap with probing,
they struggle significantly with fine-grained dis-
tinctions like view classification and subtle pathol-
ogy recognition. Results indicate that models cap-
turing temporal cardiac dynamics perform best on
functional tasks, while retrieval-based approaches
generalize more consistently across datasets. By re-
leasing preprocessing, splits, and public evaluation
pipelines, CardioBench establishes a reproducible
reference point to guide the architectural design of
future echocardiography and possibly other medi-
cal imaging foundation models.

1 Introduction
Foundation models have become a transformative force in vi-
sion and language domains, demonstrating remarkable zero-
shot generalization across diverse tasks including image clas-
sification, retrieval, visual grounding, and multimodal reason-
ing ([Jia et al., 2021; Ghiasi et al., 2022; Li et al., 2022; Singh

1Code: https://github.com/BioMedIA-MBZUAI/CardioBench
2Supplementary Material: https://arxiv.org/abs/2510.00520

Figure 1: CardioBench: A unified benchmark for echocardiography.

et al., 2022; Alayrac et al., 2022]). Large-scale architec-
tures such as CLIP, DINOv3, and SigLIP2 demonstrate that
self-supervised and multimodal learning produce general-
purpose backbones with strong transferability across down-
stream tasks ([Radford et al., 2021; Siméoni et al., 2025;
Tschannen et al., 2025]). This success has extended to med-
ical imaging, where foundation models have advanced dis-
ease classification in chest radiography ([Irvin et al., 2019;
Johnson et al., 2019]) and achieved state-of-the-art seg-
mentation in volumetric CT and MRI ([Roy et al., 2023;
Huang et al., 2023]). These advances have been enabled by
the availability of large, standardized public datasets that al-
low for reproducible benchmarking and fair model compari-
son.

In contrast, echocardiography remains underserved despite
its central role in clinical practice. It is a first-line, non-
invasive imaging modality for assessing cardiac structure and
function, and is integral to routine cardiovascular diagnosis
and management ([Mitchell et al., 2019]). It is used to eval-
uate a wide range of cardiac conditions from multiple views,
necessitating models that can generalize across overlapping
tasks rather than addressing each in isolation. Therefore,
there is growing interest in developing ultrasound foundation
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Figure 2: The figure on the left shows frame-level cosine similarity matrices: natural video frames from the SumMe dataset ([Gygli et al.,
2014]) versus echocardiography video frames extracted using SigLIP2 ([Tschannen et al., 2025]). Echocardiography videos exhibit much
higher frame-to-frame similarity compared to natural videos, making informative feature extraction more challenging. The figure on the right
shows the number of echocardiography foundation models released each year.

models, as evidenced by the increasing number of models
proposed each year (Figure 2). However, most of these mod-
els have been developed and evaluated on private datasets,
which makes it difficult to assess their generalizability. ETAB
([M Alaa et al., 2022]) provided an early benchmark with
four public datasets, but its tasks overlap across datasets and
views, and it focused on supervised adaptation rather than
zero-shot or cross-modal evaluation. As a result, no standard-
ized benchmark exists for modern echocardiography founda-
tion models.

Beyond the lack of standardized benchmarks, echocardio-
graphy presents unique challenges for foundation model de-
velopment. Unlike static radiographs, echocardiography pro-
duces temporal sequences of 2D images. Ultrasound im-
ages are inherently noisy and temporally complex, with high
frame-to-frame similarity that makes effective representa-
tion learning more difficult ([Kang et al., 2024; Song et al.,
2024]). As shown in Figure 2, echocardiography videos ex-
hibit much higher frame-level cosine similarity than natural
videos, reflecting the low signal-to-noise ratio and limited
visual variation of the modality. These characteristics have
been associated with reduced robustness and limited general-
ization when models are trained directly on noisy ultrasound
data ([Javed et al., 2024]). They also make it hard to identify
which modeling choices truly help, highlighting the need for
systematic evaluation.

Furthermore, it remains unclear how these modality-
specific models compare with general-purpose vision foun-
dation models, which have much larger diversity in training
data. This raises several fundamental questions: 1) How do
echocardiography foundation models perform relative to each
other under a fixed evaluation protocol? 2) Are their learned
representation spaces fundamentally different from those of
general-purpose models, and how do these differences affect
downstream tasks? 3) To what extent can they enable zero-
shot transfer, and do they exhibit systematic biases across
datasets or clinical tasks? Addressing these open questions is
essential for establishing reliable foundations for echocardio-
graphy AI, with direct implications for both methodological
progress and the safe and reliable translation of these tech-

nologies into clinical practice.
This work introduces CardioBench (see Figure 1), a

comprehensive benchmark for echocardiography foundation
models. By unifying eight publicly available datasets into
a standardized evaluation suite spanning four regression and
five classification tasks, CardioBench establishes the com-
mon ground for fair, reproducible, and clinically meaningful
comparison. Unlike prior efforts that focused on individual
datasets or tasks, CardioBench enables systematic evaluation
across functional and structural endpoints, providing a robust
basis for tracking progress in this emerging field. It com-
pares leading cardiac-specific models with general-purpose
vision and biomedical encoders under consistent zero-shot,
probing, and alignment protocols, offering controlled anal-
ysis of how architectural design, temporal modeling, and su-
pervision strategies shape transferability. To maximize acces-
sibility and reproducibility, CardioBench provides standard-
ized dataset preprocessing and data splits together with uni-
fied evaluation scripts, ensuring that results are directly com-
parable and easily extendable by the community.

Beyond results, CardioBench provides actionable insights
into what drives performance in echocardiography foundation
models: the role of temporal modeling, the importance of text
encoders, the robustness of retrieval-based methods, and the
surprising strengths and weaknesses of generalist backbones.
We expect CardioBench to: (1) stimulate the development of
new models tailored to the unique challenges of echocardio-
graphy, (2) establish a systematic way of measuring model
quality for scientific progress, and (3) guide future pretrain-
ing strategies by revealing which architectural and supervi-
sion choices yield meaningful representations.

2 Related Work
Recent works have advanced benchmarking and foundation
models in medical imaging across multiple domains. [Bassi
et al., 2024] builds a large-scale segmentation benchmark
across nine abdominal organs to test models under distribu-
tion shift. Beyond performance, [Jin et al., 2024] empha-
sized fairness by assessing foundation models across multiple
modalities and sensitive attributes. At the same time, [Huix

PRELIMINARY PREPRINT VERSION – DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of IJCAI-ECAI 2026.

IJ
CA

I-E
CA

I 2
02
6
PR
EP
RI
N
T



et al., 2024] highlights the difficulty of transferring general-
purpose foundation models to specialized modalities.

In echocardiography, [M Alaa et al., 2022] provided an im-
portant early benchmark by assembling four public datasets
into 31 tasks, establishing the first standardized protocol for
model comparison. Many of these tasks, however, overlap
across datasets and views, offering breadth but limited di-
versity in clinically distinct evaluation endpoints. Further-
more, ETAB primarily focused on supervised task adapta-
tion, leaving a critical gap in evaluating the zero-shot, prob-
ing, and cross-modal alignment capabilities of modern multi-
modal foundation models. Since then, several echocardiogra-
phy foundation models have been released, many of which
are evaluated only on private datasets, which limits repro-
ducibility and fair comparison across methods ([Song et al.,
2024]). Together, these works highlight the absence of a stan-
dardized benchmark specifically tailored for echocardiogra-
phy foundation models, underscoring the need for a public
protocol that enables fair evaluation under noise and domain
shifts in cardiac ultrasound.

3 Methodology
Cardiobench is a unified benchmark designed to evaluate
echocardiography foundation models across multiple clini-
cal tasks, datasets, and evaluation regimes under minimal
adaptation. We assess both out-of-the-box performance and
lightweight adaptation. We define zero-shot evaluation as in-
ference without any training on the target dataset, using only
model components released by the original authors. This set-
ting reflects the intended use of foundation models, which
are not retrained for every downstream task or deployment
scenario. Together, these design choices provide a consistent
framework for comparing models with diverse architectures
and training strategies.

Within this framework, we design tasks that reflect the
clinical use of echocardiography. Echocardiography pro-
vides a comprehensive view of the heart, capturing its mo-
tion, structure, and pathological states across time. To rigor-
ously benchmark foundation models in this domain, we de-
sign tasks that capture functional, structural, and diagnostic
aspects of clinical practice, as illustrated in Figure 1. Func-
tional tasks reflect the heart’s movement over time, with Left
Ventricular Ejection Fraction (LV EF) regression serving as a
standard measure of global cardiac performance that requires
models to capture temporal dynamics across the cardiac cy-
cle. Structural tasks emphasize the heart’s anatomical prop-
erties, focusing on diastolic measurements (IVSd, LVIDd,
LVPWd) to assess the spatial localization of cardiac walls.
At the same time, diagnostic tasks focus on disease classi-
fication, including aortic stenosis (AS), pulmonary arterial
hypertension (PAH), atrial septal defect (ASD), ST-elevation
myocardial infarction (STEMI), and regional wall motion ab-
normality (RWMA) from 3 different views, thereby testing
adaptability to diverse clinical targets.

Beyond core tasks, the CardioBench also accounts for
echocardiography’s broader context, including its multi-view
nature and potential demographic biases. Echocardiogra-
phy is inherently multi-view, with different pathologies and

anatomical structures visible only from specific perspectives.
View classification is therefore essential, as accurate recogni-
tion enables physicians to interpret the correct structures and
ensures that automated models apply the appropriate down-
stream diagnostic tasks. In addition, we analyze demographic
and acquisition-related factors, providing insight into sub-
group robustness.

For evaluation, we consider three categories of founda-
tion models: those designed specifically for echocardiogra-
phy, those trained on broader biomedical data, and large-scale
general-purpose models. These span a wide range of architec-
tural choices, from models without text supervision to those
with temporal transformers over frame sequences or purely
image-level extractors. Taken together, these variations in
scale, architecture, and pretraining strategy allow us to assess
how different design choices transfer to echocardiography in-
terpretation (see Supplementary Material).

Echocardiography–specific FM. We evaluate the four
Echocardiography foundation models with publicly released
weights available at the time of writing. The earliest,
EchoCLIP ([Christensen et al., 2023]), introduced a vi-
sion–language approach to cardiac ultrasound. EchoPrime
([Vukadinovic et al., 2024]) built on this idea with a stronger
video encoder and a larger dataset, while also incorporating
a separate view classifier and relying on report retrieval at in-
ference time. In parallel, PanEcho ([Holste et al., 2025]) ex-
plored an alternative direction by discarding text supervision
and instead combining frame features with temporal aggrega-
tion in a multitask setup, while EchoFM ([Kim et al., 2024])
explored a generative pretraining strategy centered on recon-
structing cardiac motion. As it lacks a text encoder and the
weights for its task-specific linear heads were not released, it
cannot perform zero-shot evaluation.

Biomedical and general-purpose FM. To assess trans-
fer from broader domains, we also include BioMedCLIP
([Zhang et al., 2023]), a vision–language model pretrained
on millions of biomedical image–text pairs spanning radiol-
ogy, microscopy, pathology, and ultrasound. For comparison,
we evaluate two large-scale general-purpose models trained
at internet scale: DINOv3 ([Siméoni et al., 2025]), a self-
supervised vision transformer, and SigLIP2 ([Tschannen et
al., 2025]), a vision–language model designed to produce
stronger dense representations. Together, these models en-
able testing of how far biomedical and generic pretraining
can transfer to echocardiography tasks, and whether domain-
specific pretraining is required to achieve strong performance.

We design experiments to examine two complementary as-
pects of foundation models: (i) the capacity to perform
clinically relevant tasks without task-specific training, and
(ii) the quality of their learned representations for down-
stream adaptation. Therefore, we focus on zero-shot evalu-
ation and probing, while excluding fine-tuning and few-shot
training, as both are prone to overfitting and require substan-
tial labeled data for stable performance ([Silva-Rodriguez et
al., 2024]). Further details on zero-shot evaluation, prompt
design, and probing implementations are provided in Supple-
mentary Material.

Foundation models are evaluated on both predictive accu-
racy and the structure of their learned representations. We
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Model Dynamic CAMUS Pediatric LVH CardiacNet HMC-QU TMED-2 segRWMA
LV EF (%) ↓ LVIDd (cm) ↓ IVSd (cm) ↓ LVPWd (cm) ↓ ASD ↑ PAH ↑ STEMI ↑ AS ↑ A2C ↑ A3C ↑ A4C ↑

EchoCLIP [Christensen et al., 2023] 9.99 9.83 13.80 0.79 0.57 0.41 47.88 46.96 52.51 44.13 35.68 36.27 14.29
EchoPrime [Vukadinovic et al., 2024] ● 7.78 14.00 5.44 - - - - - - 44.13 - - -
PanEcho [Holste et al., 2025] ● 5.79 11.63 9.10 0.36 0.21 0.18 - - - 58.90 30.50 24.30 20.52
BioMedCLIP [Zhang et al., 2023] 13.83 18.87 18.30 0.97 0.28 0.26 40.24 25.75 33.33 44.13 37.66 32.10 6.67
DINOv3 [Siméoni et al., 2025] 14.67 9.88 18.24 0.69 0.28 0.22 36.49 41.44 34.21 44.13 47.83 48.00 48.15
SigLIP2 [Tschannen et al., 2025] 14.66 9.28 18.22 0.69 0.28 0.22 36.49 24.11 32.43 17.38 47.25 72.02 47.17

Table 1: Zero-shot results across 4 regression tasks and 5 classification tasks on 8 publicly available datasets. Regression tasks (reported
in MAE, lower is better ↓): LV EF on Dynamic [Ouyang et al., 2020], CAMUS [Leclerc et al., 2019], and Pediatric [Reddy et al., 2023];
LVIDd, IVSd, and LVPWd on LVH [Duffy et al., 2022]. Classification tasks (reported in F1-macro, higher is better ↑): ASD and PAH on
CardiacNet [Yang et al., 2024]; STEMI on HMC-QU [Degerli et al., 2021]; AS on TMED-2 [Huang et al., 2022]; and A2C, A3C, and A4C
on segRWMA [Liu et al., 2023]. Models with video-based training are marked with ●. The best results are shown in bold, and the second
best are underlined.

Model LVH CardiacNet HMC-QU segRWMA
LVIDd (cm) ↓ ∆ IVSd (cm) ↓ ∆ LVPWd (cm) ↓ ∆ ASD ↑ ∆ PAH ↑ ∆ STEMI ↑ ∆ A2C ↑ ∆ A3C ↑ ∆ A4C ↑ ∆

EchoCLIP [Christensen et al., 2023] 0.47 0.32 0.28 0.29 0.22 0.19 38.49 9.39 41.44 5.52 73.99 21.48 47.83 12.15 48.00 11.73 48.15 38.86

EchoPrime [Vukadinovic et al., 2024] ● 0.41 – 0.25 – 0.19 – 52.66 – 63.36 – 80.00 – 8.33 – 68.48 – 48.15 –
PanEcho [Holste et al., 2025] ● 0.35 0.01 0.18 0.03 0.15 0.03 58.53 – 61.51 – 69.70 – 72.73 42.23 47.47 23.17 64.78 44.26

EchoFM [Kim et al., 2024] 0.57 – 0.32 – 0.24 – 50.48 – 41.44 – 71.82 – 47.83 – 48.00 – 48.15 –
BioMedCLIP [Zhang et al., 2023] 0.52 0.45 0.30 0.02 0.23 0.03 58.53 1.20 41.44 15.69 55.44 22.11 47.83 10.17 48.00 15.90 48.15 41.48

DINOv3 [Siméoni et al., 2025] 0.47 0.22 0.28 0.00 0.21 0.01 56.76 22.36 58.85 17.41 75.00 40.79 47.83 0.00 48.00 0.00 48.15 0.00

SigLIP2 [Tschannen et al., 2025] 0.51 0.18 0.30 0.02 0.23 0.01 68.49 32.00 47.96 23.85 75.00 42.57 47.83 0.48 48.00 24.02 48.15 0.98

Table 2: Linear probing results across 3 regression tasks and 4 classification tasks on 4 publicly available datasets. Regression tasks (reported
in MAE, lower is better ↓): LVIDd, IVSd, and LVPWd on LVH. Classification tasks (reported in F1-macro, higher is better ↑): ASD and
PAH on CardiacNet; STEMI on HMC-QU; and A2C, A3C, and A4C on segRWMA. Reported ∆ values indicate absolute change relative to
zero-shot. Models with video-based training are marked with ●. The best results are shown in bold, and the second best are underlined.

therefore report metrics across four dimensions: task perfor-
mance, clustering consistency, cross-modal alignment, and
demographic robustness. For task performance, we use Mean
Absolute Error (MAE) as the primary regression metric and
macro-averaged F1 for classification and view classification.
Clustering consistency is assessed using the Adjusted Rand
Index (ARI), which measures how well embedding clusters
recover ground-truth echocardiography views. Cross-modal
alignment is evaluated by testing whether visual embeddings
align with text prompts. Finally, demographic robustness is
examined through subgroup analyses of EF errors stratified
by sex, age, BMI, and image quality.

4 Results
We summarize zero-shot performance in Table 1. PanE-
cho is the most consistent performer, achieving the best or
second-best results for ejection fraction (EF) estimation on
EchoNet-Dynamic and EchoNet-Pediatric, and outperform-
ing all competitors on the structural regression tasks from
EchoNet-LVH. It also leads in classification, with the high-
est score of 58.90% on TMED-2 aortic stenosis (AS) detec-
tion. EchoPrime performs strongly on both regression and
classification, which is notable given its retrieval-based in-
ference and the potential influence of similarities between
test cases and its private database. A notable observation is
the performance of general-purpose foundation models such
as SigLIP2 and DINOv3, which deliver strong results de-
spite lacking cardiac-specific pretraining. SigLIP2, in partic-
ular, surpasses several specialized echocardiography models
on CAMUS EF estimation and achieves competitive perfor-
mance on segRWMA regional wall abnormality detection. At
the same time, both SigLIP2 and DINOv3 perform nearly on

par with PanEcho on EchoNet-LVH regression LVPWd. In
classification, they achieve the highest scores in RWMA de-
tection across all three views, even outperforming EchoCLIP,
despite EchoCLIP being explicitly trained on cardiac ultra-
sound. This underperformance is most pronounced on the
A4C view, where EchoCLIP lags by more than 34%. Never-
theless, EchoCLIP remains strong on several tasks, achieving
F1 scores of 47.88% on ASD and 46.96% on PAH, surpass-
ing the best general-purpose models by margins of 7.61% and
5.52%, respectively. On STEMI detection, it reaches 52.51%,
representing an improvement of 18.3% over competitors.

The linear probing performance is summarized in Table 2.
On regression tasks, PanEcho maintains a clear advantage,
achieving the lowest errors across all EchoNet-LVH mea-
surements (MAE of 0.35 on LVIDd, 0.15 on IVSd, and
0.30 on LVPWd), with only marginal improvements from
linear probing (∆ ≤ 0.03). By contrast, general-purpose
encoders such as DINOv3 and SigLIP2 show larger reduc-
tions in error (0.20–0.23 MAE), narrowing the gap to PanE-
cho, though they remain behind. These results illustrate that
EchoNet-LVH structural regression benefits less from prob-
ing. For classification, linear probing yields more pronounced
changes. SigLIP2 improves by 32% on ASD to reach 68.49%
F1, outperforming all specialized models by nearly 10%. On
PAH and STEMI, however, EchoPrime delivers the strongest
performance, achieving 63.36% and 80.00%, while SigLIP2
remains competitive at 47.96% and 72.57%, respectively.
These results show that general-purpose encoders can not
only close the gap but, in some cases, even surpass special-
ized models.

In RWMA detection, PanEcho achieves the highest gains,
with improvements of 42.23% on A2C and 44.26% on A4C,
reaching 72.73% and 64.78%, respectively. EchoPrime ex-
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Model LVH ↑ CardiacNet ↑ CAMUS ↑ ● Dynamic ↑ ● Pediatric ↑ ● HMC-QU ↑ ● TMED-2 ↑ ● segRWMA ↑ ●

EchoCLIP [Christensen et al., 2023] 1.76 27.12 33.11 8.55 20.95 34.33 14.25 16.86
EchoPrime [Vukadinovic et al., 2024] 98.66 34.59 16.39 98.49 79.53 88.19 62.86 15.79
BioMedCLIP [Zhang et al., 2023] 0.57 76.11 17.02 26.37 18.41 47.67 21.98 18.41
DINOv3 [Siméoni et al., 2025] 0.00 0.00 0.00 0.31 35.82 0.00 4.89 0.00
SigLIP2 [Tschannen et al., 2025] 29.05 8.75 57.01 87.29 45.32 41.37 16.17 2.43

Table 3: View classification results across 8 publicly available datasets, reported in F1-macro score. Multi-view datasets are marked with ●.
The best results are shown in bold, and the second best are underlined.

cels on A3C, where it reaches 68.48%, while EchoCLIP re-
mains flat at 48.00% across all views, converging with DI-
NOv3 and SigLIP2 despite its cardiac-specific training. Over-
all, linear probing highlights complementary strengths with
PanEcho remaining unrivaled on regression and two RWMA
views, EchoPrime achieving the best results on PAH and
STEMI, and SigLIP2 surpassing all competitors on ASD.

View classification results in Table 3 show that EchoPrime
achieves the highest F1 scores on the majority of datasets,
benefiting from its supervised, pretrained view classifier
rather than relying solely on text–prompt alignment. It leads
on five out of eight datasets, highlighting the strength of its
dedicated view recognition module. Interestingly, the remain-
ing datasets are topped by models without cardiac-specific
pretraining: BioMedCLIP achieves the best results on Car-
diacNet (76.11%) and TMED-2 (62.86%), while SigLIP2
outperforms all others on CAMUS (57.01%). For general-
purpose models, however, view classification can break down
when learned representations do not sufficiently separate
visually similar echocardiographic views, leading to near-
zero macro-F1 on some datasets. EchoCLIP, despite being
trained specifically on echocardiography, fails to dominate on
any dataset and often lags behind BioMedCLIP or general-
purpose models. These findings suggest that while super-
vised view classifiers provide a clear advantage, large-scale
pretraining on diverse medical or natural images can transfer
surprisingly well to echocardiography view classification.

Subgroup analyses reveal distinct biases in EF estimation
on CAMUS that are less pronounced in EchoNet-Pediatric
(Figure 3), despite overall performance trends being consis-
tent across models. On CAMUS (Figure 3a,b,c), subgroup
differences are evident: younger patients (≤45) and scans la-
beled as ”Good” quality show larger errors and wider spreads,
likely reflecting distribution biases since most samples fall
into the ”Medium” quality category, where models perform
best. A modest sex gap is also visible, with females showing
slightly higher errors, particularly for EchoPrime and PanE-
cho. In the larger EchoNet-Pediatric cohort (Figure 3d,e,f),
these disparities are less pronounced. Sex- and age-related
differences largely disappear, while BMI exhibits the ex-
pected trend: healthy ranges yield lower errors, whereas both
low and high extremes increase variability, consistent with
the physics of ultrasound imaging, where excessive or insuffi-
cient tissue layers can degrade acoustic penetration and image
quality. Across both datasets, SigLIP2 and DINOv3 main-
tain the most stable performance across demographic and ac-
quisition subgroups, showing narrow error distributions and
minimal subgroup-related shifts. BioMedCLIP, while con-
sistently higher in absolute error, also shows relatively uni-

form behavior across subgroups. By contrast, PanEcho and
EchoPrime demonstrate more outliers and wider error dis-
tributions across several subgroups, particularly in females
and younger patients on CAMUS and in BMI extremes on
EchoNet-Pediatric.

5 Discussion
CardioBench reveals that no single foundation model domi-
nates across all tasks, datasets, and evaluation regimes. In-
stead, performance depends strongly on the interaction be-
tween model design choices, dataset characteristics, and eval-
uation setup.

Modeling EF regression. PanEcho and EchoPrime stand
apart from the contrastive approaches in CardioBench be-
cause their zero-shot predictions are not driven by text en-
coders. PanEcho leverages its multitask design to achieve the
lowest errors on EchoNet-Dynamic and strong results on Pe-
diatric, showing that supervised EF knowledge can transfer
effectively across datasets. EchoPrime, in contrast, benefits
from retrieval: rather than modeling EF as a smooth contin-
uum, it assigns labels by matching test cases to similar ex-
emplars in its joint space. This discrete matching helps on
EchoNet-Pediatric, where it outperforms contrastive models,
but the approach fails on CAMUS, where scanner hetero-
geneity may distort embeddings and make nearest-neighbor
matches unreliable. Both models incorporate temporal dy-
namics, but differ in how strongly their predictions depend
on them. A frame-shuffling stress test highlights this contrast:
shuffling frames increases PanEcho MAE from 5.79 to 6.32,
indicating sensitivity to temporal order, whereas EchoPrime
remains relatively stable (7.79 to 6.12), suggesting that its re-
trieval mechanism can fall back on exemplar similarity even
when sequence order is disrupted.

To examine contrastive approaches, we directly assess
whether they encode EF as a cross-modal dimension. We
construct a text axis from prompts spanning 0–100% EF,
normalize these embeddings, and extract the first principal
component. Visual embeddings from test videos are then
projected onto this axis, and their Pearson correlation with
ground-truth EF quantifies alignment (Figure 12, Supplemen-
tary Material). This analysis reveals significant differences
between models. EchoCLIP, trained on cardiac ultrasound
reports, is the only model to recover a physiologically mean-
ingful EF axis (r = 0.52 on EchoNet-Dynamic, r ≈ 0.2–0.3
on CAMUS and Pediatric), suggesting that domain-specific
text encoders can enforce monotonic cross-modal structure.
BioMedCLIP, despite pretraining on extensive biomedical
corpora, shows almost no alignment (r ≈ 0), indicating
that general medical semantics are insufficient to ground EF
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(a) CAMUS: Sex (b) CAMUS: Age (c) CAMUS: Image Quality

(d) EchoNet-Pediatric: Sex (e) EchoNet-Pediatric: Age (f) EchoNet-Pediatric: BMI

Figure 3: Distribution of absolute EF prediction error across demographic and image-quality subgroups. Top row: CAMUS stratified by sex,
age (blue: < 45, orange: 46–65, green: 66–80, pink: > 80), and image quality (blue: good, orange: medium, green: poor). Bottom row:
EchoNet-Pediatric stratified by sex (blue: female, orange: male), age (blue: 0–1, orange: 1–5, green: 6–12, pink: 13–18), and BMI (blue:
underweight, orange: healthy weight, green: overweight/obese).

as a continuous variable. General-purpose models such as
SigLIP2 and DINOv3 also result in near-zero correlations,
yet achieve their strongest results on CAMUS. At first glance,
this might suggest robustness to acquisition shifts; however, a
closer look indicates that these gains are not physiologically
grounded. Specifically, we observe that SigLIP2 achieves
lower MAE on images with poor quality compared to those
of higher quality (Figure 3c), which is counterintuitive from
a clinical perspective. This pattern suggests that the apparent
success of generalist models on CAMUS reflects sensitivity
to dataset-specific artifacts rather than meaningful encoding
of EF, explaining their poor generalization outside this nar-
row setting.

Clustering challenges in view classification. A simi-
lar picture emerges in view classification, where architec-
tural choices again dominate over text alignment. EchoPrime
achieves the strongest results across multiple datasets by
leveraging its supervised view head, demonstrating that ex-
plicitly modeling clinical structure can result in zero-shot
advantages. By contrast, EchoCLIP struggles to general-
ize beyond A4C despite being trained on this view, because
its contrastive objective emphasizes alignment with reports
rather than enforcing consistent view identity. As a result, its
embeddings entangle clinical content with anatomical cues,
limiting transfer even on its main training view. Large-
scale encoders such as BioMedCLIP and SigLIP2 occasion-
ally outperform specialized models on datasets like EchoNet-
Pediatric and CAMUS (Figure 14, Supplementary Material),
but UMAP projections (Figure 4) of TMED-2 embeddings
reveal that none of the models form globally distinct view
clusters. Interestingly, BioMedCLIP, EchoCLIP, and PanE-
cho, which were not explicitly trained for view classifica-
tion, tend to group PLAX and PSAX together while mix-
ing A2C and A4C, as these views are indeed visually similar

within short-axis and long-axis families. kNN probing (Ta-
ble 4) recovers some discriminative power, ranking BioMed-
CLIP highest, followed by PanEcho and EchoCLIP, while
SigLIP2 surpasses EchoPrime when its supervised view clas-
sifier is removed. This shows that EchoPrime’s advantage
comes almost entirely from its explicit classifier head, while
other models contain partial view information in their embed-
dings that kNN can recover locally, but which does not form
globally distinct clusters or generalize consistently across
datasets.

Embedding structures for pathology tasks. Within Car-
dioBench, inspection of the embedding spaces for classi-
fication tasks evidences that zero-shot performance is con-
strained by weakly discriminative representation spaces. As
shown in the UMAP visualizations in Figure 13 (Supplemen-
tary Material), pathology-present and pathology-absent cases
form partially separable but substantially overlapping clus-
ters, with limited intra-class compactness and low silhou-
ette scores across datasets. This indicates the limited prior-
itization of pathology-specific cues in current visual back-
bones, which tend instead to encode broader distributional
features. The contrast with linear probing, showing substan-
tially higher performance for BioMedCLIP and SigLIP2, fur-
ther highlights that discriminative signals are present but not
aligned with text prompts or directly accessible for zero-shot.
These findings underscore the gap between latent signal and
usable representation, emphasizing the need for models that
organize clinical information more explicitly.

CardioBench makes clear that progress in echocardiogra-
phy foundation models cannot be measured by zero-shot per-
formance alone. Across regression, classification, and view
recognition, the benchmark reveals a consistent pattern: mod-
els contain latent clinical signal, but its accessibility depends
heavily on architectural design, training supervision, and the
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Figure 4: UMAP projection of TMED-2 embeddings highlighting view-based clustering.

Model F1 ∆ A2C ∆ A4C ∆ PLAX ∆ PSAX ∆ Oth. ∆

EchoCLIP 59.98 45.7 53.9 0.0 48.1 19.1 62.7 27.5 84.6 54.1 49.1 45.6

EchoPrime 50.87 12.0 37.7 49.2 39.8 46.0 70.1 15.4 66.6 32.6 33.2 10.1

PanEcho 63.46 – 57.6 – 47.7 – 66.0 – 84.1 – 70.2 –
BioMedCLIP 68.13 41.8 59.6 54.6 57.2 5.8 71.4 42.5 88.6 74.5 66.3 60.6

DINOv3 50.92 46.0 36.7 29.3 43.3 42.8 61.0 61.0 75.9 25.5 40.0 39.8

SigLIP2 57.34 41.2 42.1 1.7 47.4 30.0 69.7 67.3 79.1 78.6 42.6 25.6

Table 4: KNN probing results on TMED-2, reporting F1-macro scores and per-view accuracies. ∆ denotes the absolute change relative to
zero-shot performance. The best results are bold, and the second-best are underlined.

stability of the embedding organization. This points to sev-
eral practical directions. First, explicit supervision for core
clinical axes such as EF or view classification proves more
reliable than expecting them to emerge implicitly, suggest-
ing that pretraining pipelines should integrate lightweight but
structured supervision. Second, temporal modeling is in-
dispensable for functional tasks, as demonstrated by PanE-
cho, while retrieval-based matching offers complementary
robustness, motivating hybrid approaches that combine the
strengths of both. Third, domain-specific text encoders, as
in EchoCLIP, can enforce physiologically meaningful cross-
modal structure, but their advantage is not stable, underscor-
ing the need to broaden cardiac text corpora. Finally, the
surprisingly strong performance of general-purpose encoders
such as SigLIP2 and DINOv3 highlights both an opportunity
and a limitation: scale and diversity alone can produce robust
baselines under domain shift, yet these models fail to orga-
nize clinical signals in a way that supports fine-grained rea-
soning. This suggests that future cardiac foundation models

should not discard generalist architectures, but rather adapt
them through targeted supervision and domain grounding,
bridging the gap between robustness and clinical fidelity.

6 Conclusion
CardioBench demonstrates that echocardiography foundation
models must be assessed through multi-evaluation to cap-
ture their true capabilities. Performance depends on de-
sign and supervision choices shaping temporal dynamics, re-
trieval, and clinically grounded representations. Future ad-
vances will likely come from hybrid approaches combining
these strengths. By providing a publicly available standard-
ized benchmark, CardioBench establishes a baseline for fair
comparison to develop clinically meaningful models.
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ilian Seitzer, Federico Baldassarre, Maxime Oquab, Cijo
Jose, Vasil Khalidov, Marc Szafraniec, Seungeun Yi,
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